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Abstract

INTRODUCTION: Smart manufacturing production lines integrate Computer Numerical Control (CNC) machines,
industrial robots, motor drives, conveying units, sensors, and Programmable Logic Controller (PLC) workstations. Their
operation and maintenance (O&M) requires low-latency recognition of coupled vibration, temperature, current, cycle-time,
and alarm changes under production takt and downtime constraints.

OBJECTIVES: To improve real-time condition monitoring and maintenance decision-making, an edge computing-enabled
collaborative intelligent O&M method is developed for discrete manufacturing production lines. The objective is to connect
equipment state perception with health assessment, resource-constrained maintenance priority, and edge-cloud model
updating.

METHODS: Multi-source manufacturing data are segmented into sliding status windows at edge nodes, where a lightweight
Convolutional Neural Network—Long Short-Term Memory (CNN-LSTM) model extracts local impact features and temporal
degradation patterns. The resulting anomaly scores and health levels are jointly modeled with workstation importance,
production load, spare-part availability, labor-hour constraints, and downtime cost, while reinforcement learning updates
maintenance actions according to execution feedback.

RESULTS: Experiments on CNC machining units, industrial robots, conveying units, motor drives, and PLC workstations
show that the proposed model achieves an Fl-score of 0.946, an Area under the Curve (AUC) of 0.973, and an average
detection latency of 126 milliseconds (ms). The maintenance task matching rate reaches 94.1%, and the high-risk task
priority resolution rate reaches 96.3%.

CONCLUSION: The method links edge-side condition recognition with manufacturing-oriented maintenance execution and
cloud-side parameter calibration, providing a deployable closed-loop framework for continuous O&M in smart production
lines.
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1. Introduction
systems are often constrained by communication latency,

Smart production lines operate through tightly coupled
machining, transfer, assembly, and inspection processes, so
a local equipment anomaly can rapidly propagate to
downstream  workstations and interrupt production
continuity. Conventional cloud-centered maintenance

bandwidth consumption, and delayed response, while fixed
thresholds and periodic maintenance cannot adequately
distinguish  transient disturbances from progressive
degradation. The practical challenge is therefore not limited
to detecting abnormal equipment states. Monitoring results
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must also be converted into maintenance actions that account
for production takt, workstation criticality, downtime
windows, spare-part availability, labor resources, and the
cost of production interruption. Recent studies have
established important foundations for intelligent
maintenance, but the remaining limitations can be examined
at the data, model, and decision layers. At the data layer, Bala
et al. [1] confirmed that artificial intelligence and edge
computing can reduce data-transmission pressure in
equipment maintenance, although their study mainly
classified available technologies and application patterns.
Somu and Dasappa [2] developed an edge-cloud Industrial
Internet of Things framework for predictive maintenance,
demonstrating the value of distributed processing for
manufacturing data. Sathupadi et al. [3] further showed that
edge-cloud collaboration can improve the real-time
processing of sensor streams. Abdullahi et al. [4] enhanced
equipment-state synchronization through a distributed
digital-twin framework. Nevertheless, vibration,
temperature, current, cycle-time, alarm-event, and
maintenance-record data differ substantially in sampling
frequency, temporal granularity, reliability, and semantic
form. Existing studies mainly focus on local processing, data
transmission, or state synchronization, while the
transformation of heterogeneous manufacturing data into
temporally  aligned and  stable  equipment-state
representations remains insufficiently developed.

At the model layer, Mennilli et al. [5] verified the
feasibility of deploying machine-learning models on
resource-constrained Programmable Logic Controllers, but
the representation of coupled and long-term degradation was
limited. Artiushenko et al. [6] developed a resource-efficient
edge solution for predictive maintenance, highlighting the
importance of controlling computational and storage
overhead. Shoorkand et al. [7] applied a hybrid
Convolutional Neural Network-Long Short-Term Memory
model to production and maintenance optimization, showing
that convolutional feature extraction and temporal modeling
can be combined within a unified architecture. However,
existing approaches rarely achieve both lightweight edge
deployment and sufficient sensitivity to local impacts, cross-
cycle dependence, and progressive degradation. This
limitation creates a gap between computational efficiency
and reliable early-warning performance under production-
line operating conditions.

At the decision layer, Varalakshmi and Kumar [8]
introduced deep reinforcement learning for maintenance
decision-making based on streaming Industrial Internet of
Things data. Although such methods improve maintenance
optimization, most existing studies terminate at anomaly
detection, health prediction, or isolated action selection.
Monitoring outputs are rarely coupled with production takt,
workstation criticality, downtime windows, spare-part
availability, labor resources, and production interruption
costs in a unified decision process. Consequently, a complete
closed-loop operations and maintenance mechanism is still
lacking for converting heterogeneous manufacturing data
into stable state representations, mapping edge-side
recognition results to comparable health risks and

dynamically selecting executable maintenance actions under
changing site constraints. Accordingly, the study constructs
an edge-cloud collaborative closed-loop operations and
maintenance chain through multi-source data integration,
lightweight CNN-LSTM condition monitoring, anomaly
scoring and health assessment, manufacturing-constraint-
based maintenance prioritization, reinforcement learning-
based action updating, and cloud-assisted parameter
calibration. Accordingly, the study constructs an edge-cloud
collaborative O&M chain comprising multi-source data
integration, lightweight CNN-LSTM condition monitoring,
anomaly scoring, health assessment, constraint-based
maintenance prioritization, reinforcement learning-based
action updating, and cloud-assisted parameter calibration. Its
contribution is reflected in three linked elements: a
lightweight temporal monitoring model designed for edge
deployment; a quantitative mapping from anomaly
recognition to health level and maintenance priority; and a
feedback mechanism that coordinates edge-side response
with cloud-side model updating. This structure connects
equipment-state recognition with production continuity and
supports continuous maintenance decision-making for smart
production lines.

2. Edge-Cloud Maintenance Foundations

Edge-cloud collaborative maintenance distributes computing
tasks according to latency sensitivity, data volume, and
update scope. Edge nodes are placed close to Computer
Numerical Control (CNC) machines, industrial robots, motor
drives, conveying mechanisms, and PLC-controlled
workstations. They receive vibration, temperature, current,
rotational speed, air pressure, cycle time, alarm-event, and
maintenance-record data generated under production-takt
constraints. These sources differ in sampling frequency,
format, reliability, and temporal granularity. High-frequency
signals describe local impacts and rapid fluctuations,
whereas low-frequency logs provide operational semantics
related to tool wear, motor overheating, bearing looseness,
robot execution deviation, transfer blockage, process
switching disturbance, and unplanned downtime.

To obtain unified inputs, edge preprocessing performs
timestamp alignment, noise filtering, missing-value
imputation, status coding, standardization, and sliding-
window segmentation [9]. Continuous sensor channels are
aligned with event-driven PLC and alarm records in the same
status window. A Convolutional Neural Network (CNN)
extracts short-term impact patterns, while a Long Short-
Term Memory (LSTM) network models cross-cycle
dependence and progressive degradation. The resulting
representation is combined with deviations from normal
baselines, prediction residuals, and alarm severity to
generate comparable anomaly scores.

Anomaly scores are mapped to equipment health levels by
incorporating equipment load, alarm information, and
maintenance history, thereby supplying quantitative inputs
for maintenance task generation. Maintenance decisions
must also satisfy production load, workstation importance,
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downtime, spare-part inventory, labor-hour, and
interruption-cost ~ constraints. Edge nodes execute
preprocessing, inference, health mapping, and urgent action
triggering because these functions require short response
times. The cloud aggregates cross-device and cross-shift
records, retrains the monitoring model, calibrates health
thresholds, updates maintenance-policy parameters, and
distributes revised parameters to the edge. This division
provides the technical basis for the closed-loop methodology
developed in Section 3.

3. Edge-Cloud Collaborative O&M Method

3.1. Overall Architecture

To address delayed equipment-state perception, high latency
of centralized cloud analysis, and insufficient maintenance
adaptability in smart manufacturing production lines, an
overall architecture for edge computing-enabled
collaborative intelligent O&M is designed. The architecture
covers manufacturing  equipment  sensing, edge
preprocessing, real-time condition monitoring, health
assessment, maintenance decision-making, cloud model
calibration, and feedback control [10]. As shown in Figure 1,
the closed-loop chain is organized as “Production Equipment
— Sensor Acquisition — Edge Preprocessing — State
Monitoring — Health Assessment — Maintenance Decision
— Cloud Update — Feedback Control.” The production
equipment layer corresponds to practical manufacturing
resources, including CNC machining units, industrial robots,

—
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transfer mechanisms, motor drive modules, PLC
workstations, and alarm terminals. These devices are not
independent monitoring objects. Their operating states are
coupled by production takt, workstation sequence, material
transfer rhythm, and quality inspection requirements, which
means that maintenance decisions must consider both
equipment risk and production continuity. The device sensor
layer integrates multiple sources of data — vibration,
temperature, electric current, rotational speed, cycle time,
alarm log, and maintenance log — to cover a variety of risk
sources, including mechanical wear, electric fluctuations,
cyclic time anomalies, and maintenance behavior. Based on
the device control cycle and the communication delay
restriction, the edge processing period is set in the range of
200 ms to 1 s, and the cache length is configured to store a
minimum of 30 seconds of continuous high frequency
sampling data to ensure that the state sequence is not
interrupted in the short term fluctuation of the network; the
state recognition layer uses the sliding-window sample as
input and uses the CNN-LSTM model to extract the local
impact characteristics and the temporal evolution
characteristics, thus solving the difficulty of capturing early
degradation trends with single point thresholds [11]; in the
Health Assessment Layer, the anomaly scores, the
equipment load, the historical maintenance records are
mapped to the health level, providing a uniform comparison
scale for the risk status of the various devices; the
maintenance decision layer generates the maintenance
priority by integrating the health rating, the production line
load, the spare parts availability, the downtime cost, and the
urgency of the task, and calls the reinforcement learning
strategy to update the maintenance action.
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Figure 1. Overall architecture of edge computing-enabled collaborative intelligent operations and maintenance

3.2. Multi-Source Data Integration and Edge
Preprocessing

Edge nodes are connected through OPC UA, Modbus TCP,
MQTT, and industrial gateway interfaces to CNC devices,
sensors, PLCs, visual inspection terminals, and maintenance
protocols. They uniformly map vibration, temperature,
current, rotation speed, air pressure, cycle time, alarm code,
and maintenance record into data segments marked with
device ID, station position, sampling time, and state [12].
Table 1 shows data collection objectives, preprocessing
methods, and risk indicators for various data sources, so as
to ensure that subsequent status monitoring models receive
structural consistency and semantic clarity inputs. At the
edge, a uniform time stamp is used to align high frequency
sensor data and low frequency log data. The window length
is set to 10 — 30 s based on the device's state change cycle
and edge cache capacity, with a sliding step size of 1 —5 s to
balance the capture of short-term anomalies with inference

load control; for burst-type pulse interference, median
filtering is used to attenuate isolated noise points, and for
short term loss, the missing data is filled by interpolation
based on neighboring sample points and trends of similar
channels. Standardization is performed as follows:

' Xio — My
Fe = o, t¢
! 6]
Xis
where ' represents the raw sample value of the state

. P Lo i
variable of class ! at time £ ,‘u and ~ represent the mean and
standard deviation of this variable within the current edge
buffer window, respectively,€ is a small constant to prevent
’

. X, . . .
a zero denominator, and ~ ' & the normalized model input.

Table 1. Characteristics and preprocessing methods of multi-source operational status data

Data Source yjﬁ;‘;{gg Data Format Acquisition Mode Edge Preprocessing Associated Risk
. Median filterin .
. Amplitude, . . .ed crmne, Bearing wear
Vibration Continuous High-frequency window .
spectral energy, . . . . and mechanical
sensor . time series sampling segmentation,
impact peak S looseness
normalization
. tlier removal .
Motor, bearing, . O]fl ler removal, Overheating and
Temperature . Continuous . . missing-value
and ambient . . Periodic sampling . . abnormal
sensor time series imputation, -
temperature . lubrication
normalization
Timestamp
Electrical Current, voltage, . alignment, Abnormal load
. Continuous .. . . .
acquisition and power . . Periodic sampling fluctuation and electrical
. time series .
module fluctuation smoothing, feature surge
compression
Rotational speed, . . . . .
. Discrete and . Unified status coding | Cycle disruption
PLC control air pressure, cycle . Event-triggered and . .
. continuous . . and timestamp and execution
system time, start/stop periodic acquisition . L
data alignment deviation
state
Alarm . . . . rkstation
. code, Discrete Event-triggered Semantic encoding W.O statlo
Alarm log severity, and . . failure and
. events recording and event merging
duration control anomaly
Repair type .
. . ’ I . . . mulati
Maintenance downtime, and Structured Post-maintenance Field structuring and Cumu Ve
and textual . degradation and
record spare-part update label mapping .
records recurring fault
replacement

Based on the integration of multi-source operating state data
and edge preprocessing, the vibration, temperature, current,
rotation speed, cycle time and alarm events of intelligent

3.3. Edge-Based Condition Monitoring
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production line equipment are all transformed into
continuous state matrix. However, this matrix needs to be
further organized into time-series samples suitable for real
time reasoning at the edge, and the real time state monitoring
model is based on a "window construction-feature extraction
— light-weight reasoning"[13]. As shown in Figure 2, the
CNN-LSTM state feature extraction model captures both
local fluctuation characteristics and cross-cycle degradation
trends, enabling early anomalies to be identified in complex
operating fluctuations; an edge-based lightweight reasoning
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mechanism solves local computational constraints and
response latency constraints by compressing the model
structure, parameter scale, and reasoning workflow, so that
state monitoring results can be quickly output within the
edge node. Consequently, the real time condition monitoring
model uses the results of the front-end data preprocessing,
but also provides a stable anomaly score as an input for
subsequent health evaluation and maintenance decisions
[14].
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Figure 2. Architecture of the edge-based CNN-LSTM real-time condition monitoring model

3.3.1 Construction of equipment condition sliding
windows

A sliding-window mechanism is used to transform the
continuous multi-source state stream stored in the edge cache
into model samples with a fixed temporal context. This
organization reduces the influence of isolated fluctuations
and allows short-duration impacts and progressive
degradation patterns to be represented within the same input
sequence [15]. Let the temporally aligned equipment-state

T d

sequence be X = {xt }le, where X R denotes the d-
dimensional state feature vector of the tttth aligned frame.
The feature vector includes vibration descriptors,
temperature, current, rotational speed, air pressure, cycle
time, and timestamp-aligned alarm information. A sliding
window of length L and step size SSS is used to construct the
kth state sample:

X = [X(n)s11> Xp)saz o Xee)saz 1 € R™ ()

Here, L denotes the number of aligned state frames within
one window rather than the number of raw samples from an
individual sensor, and SSS denotes the number of aligned
frames between two adjacent windows. Let TwT wTw be
the temporal window length, TsT sTs be the temporal
sliding interval, and At\Delta tAt be the duration of one
aligned state frame. Their conversion relationship is
expressed as:

T T
L==%, S==_ N, =T.f,
At At In @

where N, and f, denote the number of raw samples

and the sampling frequency of data source mmm,
respectively. In the experimental implementation, At is set

to 1's,while 7 and T, are set to 20 s and 2 s. Accordingly,
each CNN-LSTM input contains L=20 aligned state frames,
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and adjacent windows are separated by S=2 frames. For the
vibration channel sampled at 1 kHz, each temporal window
initially contains 20,000 raw samples and moves by 2,000
raw samples. The vibration samples within each 1 s frame
are transformed into amplitude, spectral-energy, and impact-
peak descriptors [16]. Temperature, current, and rotational-
speed channels sampled at 1 s intervals provide one
observation for each aligned frame, whereas PLC states and
alarm events are assigned to the corresponding frames
according to their timestamps. This conversion preserves
high-frequency impact information while ensuring that
heterogeneous variables share a consistent temporal
dimension before entering the CNN-LSTM model.

3.3.2 CNN-LSTM state feature extraction model
The CNN-LSTM state feature extraction model takes

Lxm
window samples ¥ as input to extract local
fluctuation features and cross-time-period degradation
features from multi-source state sequences. Anomalies in
intelligent production line devices are usually presented as a
combination of vibration shocks, current disturbances,
temperature rises, and cycle time fluctuations, and state
values at one point of time struggle to reflect the latent
degradation processes.As a result, a one-dimension
convolutional layer is used to scan the window samples
along the time axis. The kernel width is set to 3 or 5
depending on the range of short cycle fluctuations in the
device, and the number of convolution channels is 32 — 64,
according to edge node memory and inference latency
constraints, in order to avoid increased edge-side load due to
excessive feature size [17]. The convolutional feature
mapping can be expressed as:

Fk = O-(W;c *90 +bc)(4)

F
where ™ * represents the local state features extracted

from the th window (k ), * denotes the one-dimensional
. .6 . .
convolution operation, ¢ is the convolution kernel

parameter, bc is the bias term, and© is the nonlinear
activation function. The feature sequence output from CNN
is fed into the LSTM layer, where the forget gate, input gate,
and output gate maintain the time dependence of the
operating state of the device, allowing the model to detect the
abnormal trends that are formed by the progressive
accumulation of small fluctuations [18]. Depending on the
state variable dimension and the edge reasoning cycle, the
LSTM hidden units can be set to 64 or 128, and the state
representation vector is output via a fully connected layer,
which provides a uniform feature input for the classification
of the anomaly and health level.

3.3.3 Edge-based lightweight inference mechanism
The edge based lightweight reasoning mechanism solves the
problem of the limited computing capacity on the spot, the
unstable communication links, and the tight response time

constraints of the intelligent production line. The CNN-
LSTM model is deployed to a production line gateway or a
workstation-level edge node, which allows a window sample
to perform state recognition and anomaly scoring [19]. Based
on the following four methods: convolutional channel
compression, LSTM hidden wunit pruning, weight
quantization, and batch scheduling. The number of
convolution channels is controlled from 32 to 64 depending
on the use of the edge node and the capability of the feature
representation. The LSTM hidden unit can be set to 64 or 128
depending on the length of the window and the size of the
state. In order to avoid the queue backlog caused by
successive window reasoning, an edge node uses a sliding
stride and a cache of overlapping segments shared by
neighboring windows for reuse, which reduces the amount
of redundant convolution calculations [20]. The inference
process must satisfy on-site real-time constraints:

r,=71,.+1,,+1,+T,, <T,

pre cnn Istm o s ( 5)

T . . .
where 7 represents the total inference time for a single

T, T,

: T T .
window, P7¢ | Temn Tistmo - and T out represent the time
required for edge preprocessing, convolutional feature
extraction, temporal modeling, and anomaly output,

. T .
respectively, and * represents the task trigger cycle
corresponding to the sliding window step size.

3.4. Device health status assessment based
on anomaly scores

In section 3.3, the edge-side state representation and anomaly
output are still characteristic results at the model level,
making it difficult to directly support maintenance task
prioritization and risk mitigation; they need to be
transformed into a device health state assessment result with
engineering significance [21] .Anomaly-Based device health
evaluation follows a "feature fusion — score computation —
classification," which integrates time series characteristics
extracted by CNN-LSTM model, the degree of variance in
sensor variables, the intensity of alarm events, the load level
of the equipment, and the historical maintenance information
into a unified evaluation space. Multidimensional state
feature fusion eliminates the one-sided impact of individual
sensor measures on health assessment, allowing correlation
representation of vibration impacts, temperature rise
changes, current fluctuations, and cycle anomalies. The
anomaly scoring function measures the extent of deviation
from normal operation modes and provides a uniform scale
for comparing risks between facilities and workstations [22];
health classification and risk assessment maps continuous
anomaly scores to actionable status levels, providing
decision inputs for maintenance constraint modeling,
maintenance priority calculation, and adaptive strategy
updates. The evaluation process converts the real-time
monitoring results from "model recognition outputs" into
"operational decision bases", ensuring that the results of the
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edge device sensing can be incorporated into the subsequent
maintenance optimization workflow.

3.4.1 Multidimensional state feature fusion

Then, a new method is proposed in which the time-series
representation is transformed into a uniform feature vector
which is fit for health evaluation. This addresses the
problems of distributed equipment anomalies on intelligent
production lines, the sensitivity of individual sensor
variables to operational disturbances, and the difficulty of
directly correlating alarm logs with the semantics of
continuous signals [23]. .Let the state representation

obtained from the CNN-LSTM model for the K th sliding
window be h" , the deviation vector of the sensor variable
relative to the normal baseline be d" , the alarm event code
be % , the current equipment load level be L , and the

L . 7,
historical maintenance features be * . The fused features can
be expressed as:

Zy = ¢(Vthk +W,d, +W,a, + Wl +W.r, +b)

(6)

Zy : k
where % represents the fusion state feature of the” th
window, W, , W, , W, , , , and . represent the mapping

weights of different information sources, respectively,b is

the bias term, and ¢ is the nonlinear activation function. The
weight parameters are designed according to the sensitivity
of the equipment and the reliability of data. The short-term
impact and load disturbance are characterized by high-
frequency signals, such as vibration and current, while the
sustained operating deviation is reflected by temperature, air
pressure, and cycle. Alarm events and maintenance records
are used to supplement operational semantics which are hard
to distinguish from continuous signals.In the process of
fusion, edge nodes keep the time synchronization relation
between the variables in the same window and carry out
sparse coding on the low frequency event characteristics to
avoid being overwhelmed by high frequency sensor data.

3.4.2 Design of the anomaly scoring function
The anomaly scoring function is used to convert the resulting

fused state feature ~¥ into a continuous risk metric that is
comparable and threshold-based, addressing the issues of
inconsistent measurement units across different devices,
significant variations in anomaly manifestations, and
inconsistent maintenance trigger criteria in smart production
lines. The normal operating samples form a relatively stable
distribution center in the fusion feature space. The extent to
which the current window status differs from the normal
center reflects the severity of the device's abnormal
operation. Therefore, Mahalanobis distance is used to
characterize feature deviation, and a comprehensive anomaly

score is constructed by combining model prediction residuals
and alarm event severity:

D, :\/(Zk _CO)T Zal(zk _Co)

A, = Sigmoid(aD, + BE, +¥B,)

(7

®)

where Dk denotes the Mahalanobis distance between the

fused feature of the tttth window and the normal-state
distribution, £, is the CNN-LSTM prediction residual, B,

is the encoded alarm-event intensity, and A, is the

normalized anomaly score. Before coefficient calibration,
the three components are scaled to [0,1] using statistics
obtained from the training set. The coefficients are
constrained by @, f,7 20 and o+ ff+y =1. They are

calibrated exclusively on the validation set rather than
manually assigned or adjusted on the test set. A coarse grid
search with an interval of 0.05 is first conducted over the
feasible coefficient space, followed by a local refinement
with an interval of 0.01 around the best combination. The
calibration objective gives greater importance to Macro-F1
because the four health-state classes are imbalanced, while
AUC is retained to evaluate score discrimination:

J,=0.60F1 +0.404UC

Macro (9)

The coefficient combination that maximizes J, is
selected and fixed before testing. The final values are

=045, f=0.35, and y=0.20. The relatively

larger value of ¢ reflects the primary role of multivariate
state deviation, whereas the prediction residual provides
complementary evidence of progressive degradation and the
alarm term supplies lower-frequency event semantics.

This function integrates state deviation, prediction
residuals, and event semantics into a unified evaluation
measure, preventing transient disturbances from directly
triggering high-risk classifications while increasing the
sensitivity to persistent deviations and cumulative alarm
evidence.

3.4.3 Health
assessment
Health status classification and risk assessment are used to

status classification and risk

convert anomaly scores 4, into device status labels that can
be directly utilized in maintenance decisions, thereby
addressing the challenge of mapping continuous scores to
specific corrective actions [24]. Device health status is
represented by a reverse mapping of the anomaly score,
calculated as follows:

A
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H .
where "k represents the device health status

corresponding to the th window (k ), and A" represents the
normalized anomaly score, with a range of [0,1]. A higher
anomaly score means a greater deviation from the normal
condition and a lower health status. The grade threshold is
determined on the basis of the equipment's safety margin,
historical failure patterns, process continuity requirements,
and false alarm control requirements. The edge nodes
perform a smooth evaluation of the health state in successive
windows; the hazard label is only activated if the same level

persists for longer than the specified number of windows,
thus reducing the variation in quality due to transient
noise.Table 2 shows the relationship between the Health
Status Interval, Risk Level, and Maintenance Response to
Ensure Consistency between Health Assessment Results and
Maintenance Priorities. This classification is divided into 4
classes: Normal, Alert, Alert, and Dangerous. Normal
equipment is subject to routine monitoring; high frequency
sampling is carried out in the Alert state; maintenance
schedule is generated in the Alert state; and in Danger status,
the Shutdown Check or Mandatory Action Queue.

Table 2. Equipment health levels and risk classification rules

Health Interval Abnormal Score Status Operational Interpretation Maintenance Response
Range Level

0.85<H,<1.00 | 0< 4, <0.15 | Normal | Stableoperation without Maintain routine
significant deviation monitoring

070 < H, < 085 | 0.15< Ak <030 | Watch Loca}l Varlabl§s s.how minor but 1ncreas'e sampling and
persistent deviation inspection frequency

0.50< H, <0.70 | 0.30< Ak <0.50 Early. Mu'ltl-dlmensmna'll dev1at10ns' Geperate and schedule a

warning indicate progressive degradation | maintenance task

Severe anomaly may interrupt Perform immediate

0<H,<0.50 0.50< 4, <1.00 | Danger . y may P inspection or shutdown
continuous production . .

intervention

3.5. Adaptive decision optimization model for
maintenance tasks

The health score, anomaly score, and risk level derived from
the facility health assessment provide the basis for the
maintenance decision. Maintenance tasks on intelligent
production lines, however, cannot be carried out solely on
the basis of risk. They also have to take into account the
constraints of the production line cycle, the downtime
window, the stock of spare parts, the scheduling of
personnel, the critical equipment, and the utilization of

2 EA

maintenance resources. The adaptive decision optimization
model for maintenance tasks follows the logic of "constraint
modeling — priority computation — policy update", which
translates the resulting risk evaluation into actionable
maintenance action choices. [25] Maintenance Constraint
Modeling is used to describe the constraint relationship
between Production Continuity and Maintenance Resources,
so as to avoid conflicts between the Maintenance Plan and
the Production Line Operations. Figure 3 links health state
input, constraint matching, priority scoring, maintenance
action selection, execution feedback, and strategy update
into a closed loop process.
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Figure 3. Flowchart of adaptive maintenance decision optimization

3.5.1 Modeling maintenance constraints

The Maintenance Constraint Modeling is used to transform
the Facility Health Assessment Results into a standard for
determining the feasibility of a Maintenance Task, which

addresses the problem of Intelligent Production Lines in
which High Risk Equipment Needs Intervention, but
Maintenance Resources, Production Schedules, and
Downtime Windows are not Fully Synchronized. Let the

decision state of thel th device in theX th monitoring

. s =1H . 4,,G P} |
window be P Lk ks ko T where K

A
represents the health score, " represents the anomaly

; . P
score, ¥ represents the risk level, and " ! represents the
device’s importance in the production line. The set of

maintenance actions is denoted asM N {ml’mz""’m”} .
Each type of maintenance action must satisfy constraints
regarding downtime, spare parts resources, labor hours, and
production impact. The set of feasible maintenance actions
is expressed as:

Rova denote spare part demand and available spare parts,
L.
respectively; 7/ and Lo denote labor hour demand and

available labor hours, respectively; / denotes the cost of
the maintenance action’s impact on production continuity;

S
maxdenotes the upper limit of the allowable cost; and ~ "**

denotes the current maintenance necessity score; St
denotes the task trigger threshold. Constraint parameters are
dynamically set based on equipment criticality, production
line scheduling, and maintenance resource status, ensuring
that maintenance tasks respond to abnormal risks without
disrupting the continuous operation of the production line,
thereby providing boundary conditions for subsequent
maintenance priority ranking.

3.5.2 Maintenance priority calculation method
The maintenance priority calculation method is used to
determine the task execution order within the set of feasible
*
k), ensuring that equipment with
status, high criticality at key

maintenance actions (
deteriorating health

. workstations, and available maintenance resources is
M ={m, |T, < T, R <Ry L <L, C < Cpp S, 25, ) prioritized for inclusion in the maintenance queue. For the
. (11) maintenance task of the th? th piece of equipment in the th

Here,  * represents the set of maintenance actions th monitoring window, the priority depends not only on

executable for the? th piece of equipment in its current state;

/" denotes the downtime required for maintenance action

m.

T. . . . :
J ;7 win_denotes the available downtime window; / and

A .
the anomaly score (~ " ) and health status (* ¥ ), but is

G,
also influenced by the combined effects of risk level ( *F ),
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. . P L U.
equipment importance (¢ ), production line load (% ),
R
resource availability (* ¥ ), and maintenance impact cost (

k) The composite priority score is defined as:

k= /11’41'.1{ +4,(1- Hi,k)"’ ASGi,k +4,0+ /IsUi,k + ’16Ri,k - &Ci.k

(12)

where i represents the maintenance priority of

equipment iii in monitoring window # . The terms A"vk 1=y,

G'* £, U”‘ R , and Cit denote the anomaly score, health

deﬁc1t rlsk level workstation importance, production load,
resource availability, and maintenance impact cost,

respectively. All terms are normalized to [0,1] before priority
7
. . : A1.20 =1 ﬂ”j =1
calculation. The coefficients satisfy */ =" and </
. Their values are calibrated on validation-set maintenance
tasks using a two-stage constrained search. A coarse search
with an interval of 0.05 identifies the candidate region, and a
local search with an interval of 0.01 determines the final
combination. Candidate coefficient vectors are evaluated
using task matching, high-risk resolution, resource

utilization, false-alarm rate, response time, and downtime:

J,=030M,, +0.25R

task hig)

4 +0.15U,, +0.10(1-F,,, ) +0.1001-T,,)+0.10(1-D,,,,)
(13)

M

where "+ is the maintenance task matching rate, Ruar is

the high-risk task resolution rate, Uves is resource utilization,

Ftam

is the false-alarm rate, and Tew and Dy, are the
normalized response time and downtime. The coefficient

vector maximizing /» is fixed before independent testing.
The final values are 20'22,’12 =0.18 ,/13 - 0'16,}“4 :0'16,

A5 = 0'10,’16 =0.12 , and 4 =0.06 " Tpis allocation gives
priority to directly observed anomaly severity and health
deterioration while retaining explicit contributions from
workstation criticality, production conditions, resource
feasibility, and maintenance impact cost.To prevent frequent
fluctuations in the maintenance queue caused by a single
high anomaly score, the score calculation is updated using a
rolling window smoothing method:

ﬁi,k = pHi,k +(1- p)ﬁlgk—l

(14)

Here, =~ “* represents the smoothed priority score, and

P s the update coefficient, used to balance the current risk
changes against the stability of historical tasks. Edge nodes

sort candidate maintenance tasks based on ¥ and pass
high-priority tasks to the reinforcement learning strategy
update module, providing a computable ranking basis for
maintenance action selection.

2 EA
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3.5.3 Reinforcement Learning Strategy Updating

The maintenance strategy is formulated as a finite Markov
decision process and solved using tabular Q-learning. This
algorithm is selected instead of Deep Q-Network because the
maintenance state is compact after discretization, the action
space contains only a limited number of executable
maintenance actions, and direct state—action value storage
reduces the computational and memory requirements of edge
deployment. At decision time ttt, the five-dimensional state

is represented by s, :[E:HmGz’RzaCz]a
the smoothed maintenance priority normalized to [0,1],
H, e [0,1] is the equipment health score,

G, e {0,1/ 32/ 3,1} represents the Normal, Watch, Early

where P is

and

Warning, and Danger levels, respectively. R, E[O,l]

denotes the comprehensive satisfaction of spare parts, labor
hours, and available downtime windows, whereas

C e [0,1] denotes the normalized production impact cost.
To construct a finite Q-table, 1?; , H,, R, ,and C, are each

divided into five equal-width intervals, while Gt retains its

four discrete levels, producing 5x5x4x5x5=2,500 discrete
state combinations.

The action space is defined as 4 = {ao,al,az,a3,a4},
where @, maintains routine monitoring, @, increases the
sampling and inspection frequency, a, schedules planned
maintenance within an available downtime window, a,

triggers immediate repair, and @, initiates-controlled

shutdown and mandatory inspection. The Q-learning policy
does not select directly from the complete action space. For

each equipment state, the feasible subset Atf “ A is first

determined using the downtime, spare-part, labor-hour,
maintenance-necessity, and production-impact constraints
defined in Equation (10). The action with the highest state—
action value is then selected only from this feasible subset.
The immediate reward balances equipment-risk
reduction, response timeliness, downtime loss, and
maintenance cost. All reward components are normalized
before calculation:
(15)

r, =0.40AR, +0.20(1- T )-0.25D, - 0.15C,

where AR, =R, —R
in equipment failure risk after executing the maintenance

T

t

1 € [— 1,1] denotes the reduction

action; T € [0,1] is the normalized task response delay;

5, € [0,1] is the normalized downtime loss; and 5: € [0,1]

is the normalized maintenance and task-switching cost. A
positive risk reduction and timely task completion increase
the reward, whereas prolonged downtime and excessive
maintenance cost decrease it. The larger coefficient assigned
to risk reduction ensures that equipment safety and
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production continuity dominate the policy objective. The
state—action value is updated using tabular Q-learning:

Q(St 4, ) <~ Q(St >4, )+ 77|:rr +y mAa/L)Sc Q(St+1 > a,)_ Q(St 4, ):l
(16)

where Q(S; , a,) is the expected cumulative return of action
a, in state s,, 77 is the learning rate, and y is the discount

factor. The policy is first pretrained offline using historical
equipment states, maintenance work orders, execution
results, downtime records, and resource-consumption
records from the training partition. During offline training,
an e-greedy strategy is adopted, with g\varepsilong gradually
reduced from 1.00 to 0.05, the learning rate set to 0.10, and
the discount factor set to 0.90. The validation partition is
used to select the reward coefficients and determine
convergence without accessing the test partition.

After deployment, the edge node applies a greedy policy
to the current feasible action set and does not conduct
random exploration on the production line. Confirmed state—
action—reward—next-state tuples are periodically uploaded to
the cloud together with maintenance completion and false-
alarm records. The cloud performs conservative online fine-
tuning every 12 h using a reduced learning rate of 0.02 and
distributes the validated Q-table to the edge node. This
offline-pretraining and online-fine-tuning procedure enables
the strategy to adapt to changes in degradation patterns and
maintenance resources while preventing unverified
exploratory actions from disrupting production.

3.6 Edge-Cloud Feedback and Model
Updating

The edge-cloud collaborative feedback and dynamic model
update mechanism is designed to keep the monitoring model,
health threshold, and maintenance policy consistent with
changing manufacturing conditions. In the forward process,
the edge node completes state-window generation,
lightweight CNN-LSTM inference, anomaly score
calculation, health-level mapping, and maintenance action
triggering. In the feedback process, the maintenance decision
module returns execution results, delayed fault confirmation,
false-alarm records, and resource changes to the edge buffer.
The edge uploads only fused feature summaries, anomaly
segment indexes, health-level variations, maintenance
execution results, and false-positive feedback, avoiding the
transmission of high-frequency raw data. The cloud
aggregates cross-shift and cross-equipment samples,
recalibrates CNN-LSTM parameters, updates health
thresholds, and adjusts reinforcement learning policy
parameters. Model parameters are updated using an
incremental fusion approach:

t+1 _ _ t t
0" = (1-2)0" + 16! a7

2 EA
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t

where ¢ represents the current model parameters at the
t

edge, ¢ represents the parameters calibrated in the cloud

based on new samples,}L is the update fusion coefficient

used to control the influence of new parameters on the edge
t+1

model, and "¢  represents the updated edge model
parameters. Based on the confidence of the sample, the
change of the operation condition, and the false positive
feedback from the edge, the fusion coefficient is set
dynamically, so as to avoid the excessive bias of the model.

4. Experimental design and results
analysis

4.1 Experimental environment and parameter
settings

CNC processing units, industrial robots, transfer units, motor
drive modules, and PLC control stations are selected for
verification from a separate manufacturing facility. Data
sources include real time sensor data, PLC operations log,
edge gateway cache log, alarm event log, and maintenance
work order book. The data is collected between October
2024 and March 2025 and includes operating conditions,
such as routine manufacturing, switching and
commissioning, minor anomalies, planned maintenance, and
unplanned stoppages. The sampling frequency of the
vibration signal is 1 kHz, and the sampling interval for the
temperature, the current, and the rotation rate is 1 s. An event
triggered approach was used to record the PLC state and the
alarm log, and the maintenance record was structured
according to workorder completion times. After time
alignment, missing value imputation, abnormal noise
filtering, and sliding window segmentation, a total of 48,600
status windows were generated, of which 34,200 normal
samples, 8200 attention needs, 4,300 alerts, and 1,900
dangerous samples. The complete dataset was evaluated
through 10 repeated stratified experiments. In each
experiment, the 48,600 status windows were divided into
training, validation, and test subsets at a ratio of 70%, 10%,
and 20%, respectively. Stratification was performed
according to the four equipment-health classes to maintain
comparable class distributions across different runs. The
same random split was used by all competing methods within
each run, thereby enabling paired statistical comparisons and
preventing differences in sample composition from affecting
the performance comparison. Different random seeds were
used for data partitioning, model initialization, and training
in the 10 runs.

For each run, the validation subset contained 4,860 status
windows and was used exclusively for model selection,
anomaly-score coefficient calibration, maintenance-priority
weight calibration, and reinforcement-learning parameter
selection. The corresponding independent test subset
contained 9,720 status windows and was excluded from all
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parameter adjustments. The normalization parameters in
Equations (7) and (11) were estimated only from the training
subset of the current run. All selected parameters were fixed
before evaluation on the corresponding test subset. The
experimental environment, dataset configuration, model
parameters, and parameter-setting rationales are summarized
in Table 3.

The condition-monitoring and maintenance-decision
metrics are reported as the mean and standard deviation over
the 10 repeated experiments. The F1-score and maintenance
task matching rate were selected as the key statistical

indicators because they directly represent health-state
classification performance and maintenance-task allocation
effectiveness. Two-sided paired t-tests were conducted
between the proposed method and each baseline using results
obtained from matched experimental runs. Holm-Bonferroni
correction was applied separately to the comparisons
subsequently presented in Tables 4 and 5, and an adjusted
probability value of pag<0.05 was regarded as statistically
significant.

Table 3. Experimental environment and parameter settings

Category Item Setting Rationale
CNC machining units, industrial robots, o .
. . . . Covers the principal operational
Data Equipment conveying units, motor drives, and PLC Lo
. stages of the production line
workstations
Data Collection period October 2024—March 2025 Includeg continuous production
and maintenance cycles
Obtained after time alignment
Data Total status windows 48,600 and sliding-window
segmentation
.. g Separates model fitting,
Data ’Sfriailtnlng/vahdatlon/test 70%/10%/20% parameter selection, and
P independent testing
Edge Processor and memory 8-core CPU; 16 GB RAM Supports lightweight on-site
environment inference
Clogd Processor and memory NVIDIA RTX 3090 GPU; 64 GB RAM Supports mod'el trglmng and
environment parameter calibration
Window . Window length / step 20s/2s Balances anomaly coverage and
construction inference latency
CNN Kernel size / channels 3/64 Extracts short-term local
fluctuations
Represents temporal
LSTM Hidden units 128 dependence and degradation
evolution
Training Learning rate / batch size | 0.001 / 64 Maintains convergence stability
. Balances immediate
Reinforceme . . .
. Discount factor 0.90 maintenance gains and long-
nt learning
term effects

4.2 Condition Monitoring Performance

The real time condition monitoring performance analysis
uses 9720 sets of condition window samples from the test set
to verify the recognition results of the four conditions:
normal, alert, alert, and dangerous. In this paper, a
comparison is made between SVM, Random Forest, LSTM,
CNN-LSTM, and Edge Collaborative CNN-LSTM
models.Table 4 shows the differences between the two
models. Based on the single variable alarm threshold, the
threshold approach is capable of detecting apparent
anomalies, such as temperature and current fluctuations, but
is not sufficiently sensitive to the initial degradation state
resulting from the superposition of vibration impacts and

2 EA
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rhythmic disturbances; SVM and Random Forest can make
use of multidimensional engineered features to improve
classification stability, but it is difficult to capture temporal
evolutionary relationships within continuous windows;
LSTM can capture trends in state changes, but do not
sufficiently extract features of local abrupt changes; CNN-
LSTM simultaneously uses convolution layers to extract
short term local fluctuations, and uses LSTM layers to
maintain cross window state memory, resulting in more
stable performance in early warning and dangerous status
identification.The = Edge Collaborative = CNN-LSTM
introduces front-end preprocessing, sliding window caching,
and lightweight reasoning mechanism, and achieves a FR
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score 0f 0.946 and AUC of 0.973, with a mean latency of 126 downtime, resource utilization, and high risk priority
ms. processing rate. Manual experience-based maintenance
relies on the judgment of personnel on the spot and is able to
deal with apparent failures, but does not respond well to early

Table 4. Comparison of performance among different deterioration; fixed cycle maintenance is not aware of the

condition monitoring models real state of health in the fixed cycle, which results in

excessive maintenance of low risk devices and delays in the

Acc | Prec Fi- Late Pu handling of high risk devices; the threshold triggered

Model | urac | isio Rec scor AU | ncy forJ maintenance is highly sensitive to single point anomalies,

vyt [nt all 1 et C1 | (ms) F1 which leads to relatively high false alarm rates; predictive

| maintenance can use condition trends to improve the

Tradit 0.82 1 0.80 | 0.78 | 0.79 | 0.84 scheduling of tasks, but does not take sufficient account of

ional Ipm | 6pm | 4pm | 5pm | 2pm 58p <0. downtime windows, spare parts resources, and workstation

thresh + + + + + ma 00 importance. The proposed model integrates anomaly scores,

old 0.01 | 0.01 | 0.01 | 0.00 | 0.00 1 health status, equipment importance, and resource

0 2 4 9 9 constraints into maintenance priority calculations. It uses

0.86 | 0.85 | 0.83 | 0.84 | 0.88 reinforcement learning to update the action selection based

7pm | 4pm | lpm | 2pm | 9pm 214 <0. on maintenance feedback, and achieves 94.1% maintenance

SVM + + + + + 00 task matching rate, the average response time is reduced to

0.00 | 0.01 | 0.01 | 0.00 | 0.00 pm9 1 18.6 minutes, and the high-risk tasks are given priority. This

8 0 1 8 8 shows that the adaptive decision mechanism is able to

088 | 087 | 0851 0.86 | 0.90 translate the status monitoring results into a maintenance

Rando | 4pm | 2pm | 8pm | Spm | 7pm | 236 | <O. execution sequence, thus improving the alignment of
m =+ =+ =+ =+ =+ pml | 00 maintenance tasks with production constraints.

forest | 0.00 | 0.00 | 0.01 | 0.00 | 0.00 | 1 1
7 9 0 7 7
091 1090 | 0.89 | 0.89 | 0.94

Table 5. Comparison of performance among different
maintenance decision-making methods

3pm | lpm | 4pm | 7pm | 1pm 168 <0.
LSTM | £ =+ =+ + =+ 00 R Hi
pm7 1 €s 1g
0.00 | 0.00 | 0.00 | 0.00 | 0.00 1 Tas | pos | F ourc | h- | pag
Maint | k se . o
6 7 8 6 S enanc ¢ | pon 1 Dow | e risk | for
093 1092 | 091 | 0.92 | 0.96 : g}lgn se ':1 n? ntim | utili | reso | mat
CNN- 641_3m Ei{)m 941_3m %'I_Dm H’m 152 38 metho | g time | e (h) | zatio | lutio | chin
LSTM | [~ |~ | = | | pm6 d @) | M|, [ noo|n g
0.00 | 0.00 | 0.00 | 0.00 | 0.00 1 n) | 0 (%) | (%) | rate
5 16 |6 |5 |4 ! )| R
Edge-
o 1095|095 | 094 | 0.94 | 097 R;Ianu 784 | 42.8 é2- 385 [ 712 | 80.7
orativ 7pm | lpm | lpm | 6pm | 3pm 126 ?naint pm | pm rr{) pm pm | pm | <0.
. =+ =+ =+ =+ =+ pms | enanc + + + + =+ =+ 001
CNN- 0.00 | 0.00 | 0.00 | 0.00 | 0.00 1.6 |3.1 o 2.8 2.0 1.9
4 4 |5 |3 |3 ° -
LSTM Sched
led 749 | 56.3 | 9.8 | 442 | 68.5 | 73.4
o . . 4e Ipm | pm |pm |pm |pm |pm | <o.
4.3 Validation of adaptive maintenance maint |\ | + + | 001
decision-making S8 137 (10 |31 |23 |2
The validation of the Adaptive Maintenance Decision Model }ll“(l)llrg_s 15
is based on a sample of the Concern, Warning, and Danger triooe 82.6 | 31.7 4p. 33.6 | 75.8 | 84.9
State that are identified in the Test Set. It uses equipment regg pm \pm | - | pm pm pm | <0.
health, anomaly score, risk level, equipment significance, maint =+ =+ I =+ =+ =+ 001
production line load, spare parts stock, and man-hours as 1.4 |26 T, 125 1.8 1.6
C . . enanc 1.3
decision inputs to compare task handling performance of e
manual experience maintenance, fixed cycle maintenance, Prodi
threshold triggered maintenance, predictive maintenance, ctive 89.3 1245 |87 |274 |82.6 | 908
and the proposed adaptive maintenance decision model. maint | P™ | Pm | pm | pm pm | pm | <0.
Table 5 shows the results for each policy on maintenance enanc =+ * + | *£ * * 001
task matching rate, average response time, false alarm rate, e 1.1 1.9 |08 |19 1.5 1.2
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4.4 Analysis of edge-cloud collaborative
operation and maintenance efficiency

In this paper, we compare three deployment modes — cloud,
edge, and edge-cloud — to prove that the dynamic model
update mechanism described in section 3.6 can be used to
support real time on the spot and global model calibration.
As illustrated in Figure 4, the centralized cloud mode uploads
full state sequences and log data, resulting in 286 MB of data
transmission per unit time and an average response latency
of 684 ms, which makes it difficult to meet the abnormal-
response requirement of high-cycle manufacturing
workstations. The edge-cloud independent processing mode

Adapt reduces the average response latency to 112 ms and the data
ive 941 1186 |59 | 21.8 | 889 | 963 upload volume to 38MB; howevqr, begaus§ the 'H'lodf')l
maint updates depend on a local sample, its calibration ability is
pm |pm |[pm |pm |pm |pm . . .
enanc | -, i o o n " — inadequate when confronted with operational mode changes
e (;7 1_ 4 0_6 1_6 1_2 0_9 and changes in equipment degradation profile; the edge-
decisi : ) : : ) : cloud collaborative model only uploads the integrated
on feature summary, anomaly segment index, and maintenance

feedback record, limiting the upload volume to 64MB per
unit time with an average response latency of 138 ms. The
model update cycle has been reduced from 72 hours (for
manual offline updates) to 12 hours. The results show that
the edge is able to deal with real time reasoning, anomaly
scoring, and maintenance action triggering, thus reducing
site response latency; the cloud handles sample aggregation,
parameter adjustment, and policy synchronization, thus
alleviating the problem of inadequate sample coverage at
edge nodes. The collaborative mechanism balances
transmission load, response rate, and continuous model
updates, and provides a more stable project deployment
method for intelligent production lines to run and maintain.

800 - - 100
700 - 634
- 80
600 -
£ 500 60 =
s =
— ]
= 400 ] B
g 40 &
2 300 >
B =
200 - - 20
100
0
0
Cloud-Centralized Edge—Only Edge—Cloud
Collaborative

- Average Response Latency (ms)

B Upload Volume per Hour (MB)

—@— Model Update Cycle (h)

Figure 4. Comparison of edge-cloud collaborative operation and maintenance efficiency under different
deployment modes

4.5 Ablation experiments and robustness
analysis

The ablation experiments were conducted with the complete
model as the baseline, and the key modules were removed in
sequence, and the model stability was tested under 5% noise
injection, 10% loss of samples, and 100 ms network latency.
Figure 5 illustrates the variation of F1-SCORE, maintenance

decision-making precision, and mean response times for
different ablation models. After removing the edge
preprocessing module, the F1-SCORE was directly fed into
the status window, causing the F1 score to fall to 0.902; the
removal of the CNN module resulted in insufficient
extraction of the local abnormal characteristics, such as
vibration shocks, current disturbances, and so on, causing the
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F1 score to fall to 0.915; the removal of the LSTM module
reduced the capacity of the model to characterize the
continuous degradation trend, and the stability of the early
warning status recognition declined; the removal of the
anomaly rating and health evaluation module resulted in a
lack of a uniform risk metric for the maintenance task
prioritization, and the maintenance decision precision fell to
0.887; the maintenance actions were unable to adapt to the

(a) Ablation Study of Key Modules

0.96 170

0.946

0.94 ¢
160
0921
0.90 -
0.88

0.86

Fl-score / Decision Accuracy

130
Full Model wio Edge wio CNN wio LSTM w/o Health  wio RL
Preprocessing Assessment Policy Update

- F1-score

0.84

Average Response Time (ms)

- Maintenance Decision Accuracy

change in resources and load after the removal of the
reinforcement learning strategy update module. The robust
test results show that the proposed approach is able to
maintain relatively stable monitoring and decision making
even when data quality is degraded, operational status
transitions and communication delays are affected.

(b) Robustness Under Disturbance Conditions
0.96 170

5
2094 | ™
160
0.92 155
150

145

Fl-score [/ Decision Accura
Average Response Time (ms)
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1K) ms Network
Delay

Load
Fluctuation
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+5% Noise  10% Missing
Data

—&— Average Response Time (ms)

Figure 5. Comparison of ablation experiment and robustness test results

5. Conclusion

The experimental results demonstrate that the proposed
method improves the coordination of equipment-condition
monitoring, risk assessment, and maintenance decision-
making. Through edge preprocessing, sliding-window
organization, and lightweight CNN-LSTM inference of
multi-source operational data, the condition-recognition F1-
score reaches (0.946\pm0.003), the AUC reaches
(0.973\pm0.003), and the average detection latency is
(126\pm5) ms. These results indicate that local impact
features and progressive temporal degradation can be jointly
represented under edge-computing constraints. Anomaly
scoring, health mapping, and maintenance-priority
calculation establish a quantitative transformation from
model outputs to executable O&M actions. The adaptive
maintenance decision model achieves a task matching rate of
(94.1%\pm0.7%) and a high-risk task resolution rate of
(96.3%\pm0.9%). The edge-cloud collaborative mechanism
further balances response latency, data-upload volume, and
model-update frequency.

The current method still has several identifiable
limitations. The experimental data were collected from one
manufacturing facility and covered a restricted set of
equipment types and labeled fault conditions, so its
transferability to production lines with different takt patterns,
sensor configurations, and unseen faults has not been fully

< EAI
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established. The fixed 20 s sliding window may not
optimally represent degradation processes with different
temporal scales, while the discretized Q-learning policy is
limited by its predefined state and action spaces. Moreover,
the 12 h cloud-update interval may respond slowly to abrupt
operating-condition drift. Future work will conduct cross-
facility and leave-one-equipment-out validation, introduce
open-set fault recognition, uncertainty-aware health
assessment, and adaptive multi-scale windows, and
investigate safe constrained reinforcement learning for larger
maintenance state spaces. Drift-triggered edge-cloud
updating and federated parameter calibration will also be
examined to improve adaptation without transmitting high-
frequency raw data.
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