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	 Manufacturing cost anomalies occur through interactions among production processes, 
resource consumption, equipment conditions, and product quality. Conventional data-driven soft 
sensors lack interpretable links between sensor measurements and financial outcomes and do 
not incorporate manufacturing cost relationships. To address these limitations, we developed a 
counterfactual temporal graph neural network (CF-TGNN) for sensor-data fusion and its use for 
cost-variance analysis. The model integrates a domain-constrained sensor–cost embedding 
layer, a production-line similarity graph, temporal graph propagation, and counterfactual 
normal-cost generation with structural consistency constraints. These elements enable the 
transformation of heterogeneous sensor data into structured cost representations, capturing 
relationships among production lines and identifying anomalies through deviations from 
estimated normal costs. The model was evaluated using 35,464 weekly observations from 341 
production lines across 64 manufacturing companies for 104 weeks in China. The CF-TGNN 
model showed an F1-score of 0.840 and an area under the receiver operating characteristic curve  
of 0.963, outperforming conventional machine learning, deep learning, and graph neural 
network baselines. It also achieved an average early-warning horizon of 2.36 weeks, with one-
period and two-period early-warning rates of 76.84 and 58.19%, respectively, and a missing-
alarm rate of 17.10%. Robustness test results presented consistent performance under alternative 
anomaly definitions, graph configurations, and selected industry-specific evaluations. By 
integrating manufacturing cost knowledge, temporal graph learning, and counterfactual 
inference, we developed a model that conducts sensor-data-driven cost-variance analysis. Using 
finer-grained data and through deployment in different industries, we can further enhance the 
model performance.
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1.	 Introduction

	 In modern smart manufacturing, numerous sensors are deployed to monitor production 
processes in real time. Inline power analyzers, photoelectric counters, pneumatic and hydraulic 
pressure sensors, and machine-vision inspection modules are used to generate high-frequency 
data to obtain information on machine health, energy consumption, and product quality. In 
addition to these sensing devices, data-driven soft sensors have been developed to transform 
low-level measurements into higher-level operational indicators for the efficient monitoring and 
control of production-line performance.(1) Multi-source sensor data are used to analyze 
production cost variations. In manufacturing, cost variance is not caused by a single operational 
abnormality. It results from the cumulative effects of multiple interacting factors, such as 
fluctuations in energy consumption, equipment degradation, material waste, production 
interruptions, and reduced product quality. 
	 Conventional threshold-based monitoring methods frequently generate false alarms and fail 
to identify combined anomalies because individual sensor data are insignificant. For example, a 
slight voltage fluctuation, minor tool wear, or intermittent micro-stoppages might not trigger 
conventional alarms, although their combined effects can substantially reduce production 
efficiency and increase manufacturing costs. Therefore, effective cost variance analysis requires 
the integration and interpretation of heterogeneous sensor signals to identify latent operational 
issues before they escalate into financially significant losses.(2,3)

	 To address this challenge, various machine learning and deep learning models, including 
long short-term memory (LSTM), gated recurrent unit (GRU), and graph convolutional network 
(GCN)-based models, are used for industrial fault detection, energy forecasting, and equipment 
failure prediction using sensor data.(4,5) These models extract complex patterns from high-
dimensional data, enhancing predictive performance. However, they are mainly applied in 
operational monitoring, with the limited consideration of the financial implications of production 
anomalies. In addition, interpretability, domain knowledge integration, robustness to sensor data 
noise, and the modeling of relationships among production lines are challenges to address in 
sensor-data-driven production monitoring. Existing deep learning models generally process 
sensor data as numerical features without incorporating manufacturing cost-information 
mechanisms into the learning process.(6) As a result, their outputs are too complex to interpret 
from operational and financial perspectives, although they show satisfactory predictive accuracy. 
Most models also fail to examine functional similarities among peer manufacturing lines. This 
reduces the models’ capability to distinguish genuine process abnormalities from localized 
disturbances caused by sensor data drift, calibration errors, communication interruptions, or 
environmental noise.(7) In addition, cost decomposition relationships and conservation 
constraints are rarely included within existing learning frameworks, limiting model 
interpretability and practical applicability.(8–10)

	 To overcome these limitations, we developed a counterfactual temporal graph neural network 
(CF-TGNN) for sensor-data-driven cost variance analysis in manufacturing environments.(11) 
The developed CF-TGNN model incorporates manufacturing cost-information mechanisms into 
a temporal graph-learning architecture, which is different from conventional deep learning 
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models that focus on pattern recognition. Heterogeneous sensor data are transformed into 
structured data on material, labor, energy, and overhead costs to be linked to operational 
conditions and financial performance. By generating counterfactual normal-cost baselines, the 
model identifies anomalies caused by process deviations and quantifies their contributions to 
cost variance. In the model, graph-based relational learning is employed to capture structural 
similarities among 341 production lines, sharing operational information across comparable 
production environments and improving robustness against localized sensor disturbances and 
noise.(12,13) Through the integration of cost-aware embeddings, temporal learning, and 
counterfactual inference, the model extends the role of sensor systems for intelligent financial 
decision support and proactive cost management in smart manufacturing environments.(14,15)

	 In addition to cost variance analysis, the model contributes to the advancement of sensing 
technologies and functional sensor materials. By identifying situations in which existing 
physical data cannot explain observed cost deviations, the model informs sensing limitations 
that require improvements in sensitivity, response speed, durability, or environmental 
robustness.(16) This enables the development of next-generation sensing materials, including 
metal-oxide nanocomposites, flexible piezoelectric films, and other advanced functional 
materials designed for demanding industrial environments.(17) The modular graph-based 
architecture of the model is compatible with edge AI-enabled smart sensors, distributed wireless 
sensor networks, and multimodal industrial data systems.(18) Therefore, the model can be used 
for data-driven manufacturing analytics and for future sensor design and deployment strategies. 

2.	 Method

2.1	 Data collection 

	 Data were collected from 341 production lines operated by 64 manufacturing companies in 
Heilongjiang Province, China, over a period of 104 weeks, yielding 35,464 weekly production-
line observations. The participating companies represented diverse industrial sectors, including 
equipment manufacturing, food and agricultural processing, electronic component 
manufacturing, chemical processing, and light manufacturing. The collected data were 
organized into company-level, production-line, sensor-acquisition, and temporal dimensions 
(Table 1).

Table 1
Companies and their production lines used for data collection.

Type Number of companies Number of production lines Ratio to total number of 
production lines

Equipment manufacturing 14 83 24.34%
Food processing 12 61 17.89%
Agricultural products 10 49 14.37%
Electronic component 9 45 13.20%
Chemical materials 8 43 12.61%
Light manufacturing 11 60 17.59%
Total 64 341 100.00%
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	 Data were collected through a multi-tier cyber-physical architecture integrating physical 
sensors, programmable logic controllers (PLCs), manufacturing execution systems (MES), and 
enterprise resource planning platforms. Each production line was equipped with sensors to 
continuously collect data on power consumption, machine operating status, material flow, and 
product quality. To ensure interoperability among heterogeneous devices and enable real-time 
monitoring across manufacturing sites, sensor data were transmitted through standardized 
industrial communication protocols and consolidated within a unified data management 
framework. Sensing devices included Schneider PM800 and Siemens PAC3200 power meters, 
Siemens S7-1200 and Mitsubishi FX5U PLCs, HBM PW15 load cells, Zebra FX9600 radio-
frequency identification (RFID) scanners, and Basler Ace and Keyence CV-X machine-vision 
systems. In addition to these representative devices, equivalent sensors from other vendors, 
including Omron, SICK, Honeywell, and WIKA, were deployed according to site-specific 
operational requirements. 
	 Power consumption was monitored using Schneider PM800 (Schneider Electric, France) and 
Siemens PAC3200 (Germany) digital power meters, which recorded three-phase voltage and 
current measurements at a sampling frequency of 1 Hz using the Modbus-RTU protocol. 
Machine operating status was monitored through PLC registers, including Siemens S7-1200 
(Germany) and Mitsubishi FX5U (Japan) controllers. These devices logged equipment startup, 
shutdown, and downtime events and transmitted operational information through the Open 
Platform Communications Unified Architecture (OPC UA) protocol. Material flow was tracked 
using strain-gauge load cells, such as the HBM PW15 from Germany, and industrial RFID 
scanners, such as the Zebra FX9600 from the United States. These devices transmitted data 
through RS-485 or Ethernet connections and interfaced directly with MES databases. Quality 
inspection was performed using automated optical inspection (AOI) cameras, including the 
Basler Ace series from Germany and the Keyence CV-X from Japan. These cameras captured 
images at 30 frames per second (FPS) and transmitted defects over Gigabit Ethernet Vision. 
Additional production variables were aggregated on a weekly basis. 
	 Output was measured using MES counters and production line sensors. Unit material 
consumption was calculated using RFID systems and weighing devices. Unit labor hours were 
derived from MES work reporting terminals. Unit energy consumption was determined using 
power meters and energy management systems. Downtime duration was recorded in PLC logs, 
and utilization rate was calculated from MES and PLC records. Yield was measured using AOI 
systems and quality control terminals (Table 2). 	Raw sensor signals were transformed into 
structured process variables, which were then aggregated into weekly panel data. This dataset 
shows the data transmission path from sensor data to cost information and finally to financial 
indicator changes, forming the foundation for CF-TGNN modeling.

2.2	 Anomaly identification

	 In this study, anomalies were defined by statistical irregularities and their financial 
significance. Unusual sensor data, such as higher energy use, longer downtime, or lower yield, 
were converted into abnormal production costs. In production networks, anomalies must be 
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evaluated simultaneously at the financial and sensor levels. Traditional fault detection methods 
separate these domains, resulting in unquantified operational alarms or lagging financial audits. 
To solve such problems, we established a unified, bi-directional thresholding model. Macro-level 
cost variances function as enterprise-level soft sensors when structural operational budgets are 
violated. 
	 An anomaly was verified to evaluate shop-floor state vectors against baseline boundary 
conditions. A production line was classified as anomalous if it satisfied any of the following 
macro-level operational violations:
•	� Budget deviation rate: The computed unit product cost exceeds its historical moving average, 

yielding a structural budget variance greater than 10%.
•	� Manufacturing overhead ratio: The allocation of auxiliary manufacturing overhead surges 

significantly beyond its statistically established historical baseline.
•	� Gross profit margin: The realized gross profit margin falls below its historical mean.
	 To ensure interpretable violations, the model couples the following events with its 
corresponding sensor data:
1.	� Electrical power anomalies: Micro-scale spikes in unit energy consumption logged by inline 

digital power meters isolate localized electrical or thermodynamic degradation.
2.	� Asset utilization anomalies: Extended equipment downtime or micro-stoppages parsed from 

PLC register state transitions identify mechanical failures or line balancing constraints.
3.	� Quality degradation anomalies: Sudden drops in line yield rates captured by AOI terminals 

isolate machine tool wear or raw material defects.

Table 2
Sensor specifications and data acquisition protocols

Data Sensor 
(model, manufacturer, country)

Sampling frequency/
protocol Description

Power consumption
Schneider PM800 

(Schneider Electric, France); 
Siemens PAC3200 (Germany)

1 Hz/Modbus-RTU Total electricity consumption 
per reporting period

Machine status Siemens S7-1200 PLC (Germany); 
Mitsubishi FX5U PLC (Japan) Event-driven/OPC-UA Startup, shutdown, failure, idle 

state

Material flow HBM PW15 load cell (Germany); 
Zebra FX9600 RFID (USA)

10 Hz/RS-485, 
Ethernet

Material input and 
consumption

Quality inspection Basler Ace AOI camera (Germany); 
Keyence CV-X (Japan)

30 FPS/Gigabit 
Ethernet Vision

Records of qualified, defective, 
and reworked products

Output MES counters, 
production line sensors Aggregated weekly Qualified outputs

Unit material 
consumption RFID + weighing devices Aggregated weekly Material consumption/output

Unit labor hours MES work reporting terminals Aggregated weekly Labor hours/output
Energy 
consumption

Power meters, 
energy management system Aggregated weekly Energy consumption/output

Downtime duration PLC logs Event-driven Equipment downtime
Utilization rate MES + PLC Aggregated weekly Runtime/planned runtime
Yield AOI + quick connect terminals Aggregated weekly Qualified/total products
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4.	� Material volumetric anomalies: Material mass overages recorded via inline strain-gauge 
weighing sensors and RFID component tracking indicate excessive physical scrap or process 
waste.

5.	� Labor capacity anomalies: Increased operational run-times registered across MES logging 
terminals point to process inefficiencies or manual assembly delays.

	 By fusing high-frequency sensor data with discrete financial metrics, the model ensured that 
production anomalies were technically traceable and economically significant. In application, 
sensors were used to issue early warnings and provide root-cause evidence, whereas financial 
structures were used to validate the macro-scale impact on factory cost efficiency. In this study, 
yield is used to represent first-pass yield.(19) It is defined as the proportion of qualified products 
produced that meet specification standards on the first attempt without requiring rework or 
resulting in scrap, expressed as

	
, ,

,
, ,

qualified i t
i t

total i t

N
Yield

N
= .	 (1)

Here, , ,total i tN  is the total volume of units processed on line i during week t (tracked using MES 
counters) and , ,qualified i tN  represents the volume of non-defective, non-reworked outputs verified 
by AOI terminals and quality control logs.

3.	 CF-TGNN Model 

	 The CF-TGNN model was constructed, comprising the following interconnected layers: 
domain-knowledge constrained sensor layer, production line similarity graph construction layer, 
temporal graph propagation layer, and counterfactual normal cost generation layer. The model 
transforms raw sensor data into structured costs and builds a similarity graph across production 
lines, propagates temporal information through graph-based encoders, and finally generates 
counterfactual normal costs. Anomalies are identified by comparing actual sensor-derived costs 
with these counterfactual baselines. Figure 1 shows the architecture of the CF-TGNN model. 
Sensor-derived input features (energy, downtime, yield, and material flow) are embedded into 
cost vectors, connected through a similarity graph, propagated across time, and finally used to 
generate counterfactual costs (a calculated baseline that represents what a production line’s 
operational expenses should have been under normal, steady-state, and optimized conditions for 
a given output volume) and decisions on cost variances. 

1.	 Domain-knowledge constrained sensor layer
	 Instead of feeding raw sensor data into the neural network, this layer applies deterministic 
engineering rules to project sensor telemetry into a structured four-dimensional cost vector.

	 , , , , ,, , ,str
i t i t i t i t i tc MC LC EC OC =   	 (2)
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Here, MCi,t is the material cost derived from production output, unit material consumption, and 
sensor-tracked material prices; LCi,t is the labor cost calculated from output, unit labor hours, 
and wage rates; ECi,t is the energy cost estimated on the basis of unit energy consumption from 
power meters and prevailing energy tariffs; and OCi,t is the overhead cost estimated from a 
function of downtime, yield rate, and equipment utilization. OCi,t is derived as a function of 
equipment downtime, line utilization rate, and Yieldi,t. A decrease in first-pass yield reduces the 
effective volume of saleable units, increasing the unit product cost through raw material loss and 
overhead absorption inflation.

	 , , ,
,

1, ,i t i t i t
i t

OC f Downtime Utilization
Yield

 
=   

 
	 (3)

	 The layer is responsible for the physical state-space transformation to ensure that the model 
learns statistical correlations and the logic of cost information. The structured vector is 
concatenated with raw sensor variables and passed through a nonlinear mapping function (multi-
layer perceptron) with a rectified linear unit (ReLU).

2.	 Production line similarity graph construction layer
	 In this layer, production lines are connected through an unsupervised functional sensor 
topology graph G, not treated as isolated units. 

	 ( ), ,G V E A= 	 (4)

Fig. 1.	 (Color online) Architecture of CF-TGNN model. In the second panel from the left, blue nodes represent 
equipment or electronics, green nodes represent food and agricultural processing, and light blue nodes are active 
target nodes. In the third panel, orange nodes indicate active hidden states and white nodes represent the baseline of 
input states.
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Here, V represents the nodes of production lines, E represents edges with similarity relationships, 
and A is the adjacency matrix computed using the cosine similarity of cost-structure vectors. If 
two lines show highly correlated behavior (similar thermodynamic regimes or mechanical 
loading rates), they share an edge. This allows the model to borrow spatial context from peer 
lines, smoothing out localized sensor noise. Figure 2 shows the production line cost structure 
diagram. Nodes are color-coded by industry (equipment manufacturing, food processing, and 
chemical materials) and how cross-industry similarities are captured, enabling the graph to 
reflect functional sensor relationships rather than organizational charts.

3.	 Temporal graph propagation layer
	 To capture time-dependent behavior, the similarity graph is combined with a temporal 
encoder as follows.

	
( )

0
, ,
g
i t ij g j t

j N i
h A W zσ

∈

 
 =
 
 
∑  	 (5)

Fig. 2.	 (Color online) Cost structure diagram (labels indicate production line numbers).
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	 ( ), , , 1,gs s
i t i t i th GRU h h −= 	 (6)

Here, ,
g
i th  is the graph-propagated feature vector for production line i at time t, representing how 

line i’s sensor profile is affected by its neighbors in the similarity graph, ijA  is the normalized 
adjacency weight between i and j, determining how much effect neighbor j has on I, gW is the 
trainable weight matrix including the raw sensor features transformed into higher-level 
representations, 0

,j tz  is the initial embedded feature vector of j at t, derived from its sensor inputs 
and cost embedding, and ( )σ ⋅  is the nonlinear activation function (ReLU), which introduces 
nonlinearity so that the model can capture complex operational patterns.
	 On the basis of the equations, spatial similarity is captured across production lines, whereas 
the gated GRU temporal encoder captures time‑dependent behavior within each line. The model 
detects spatially and temporally structured anomalies on the basis of the equations.

3.	 Counterfactual normal cost generation layer
	 The counterfactual generator acts as a predictive digital twin. This layer estimates whether 
the cost vector is under optimal, steady-state operating conditions, using the following equation: 

	 ( ), ,
ˆ cf s
i t i tC MLP h= .	 (7)

Here, ,
ˆ cf
i tC  is the counterfactual normal cost for production line i at t, representing the cost the 

line incurs under optimal, steadystate operating conditions, and MLP is a multilayer perceptron, 
which is a feedforward neural network that takes the temporal hidden state as input and outputs 
the predicted counterfactual cost, and ,

s
i th  is the temporal hidden state of production line i at t, 

produced by the GRU in the temporal graph propagation layer. It encodes both the current sensor 
features and historical behavior. The deviation between actual and counterfactual costs is 
defined as

	 , ,
,

,

ˆ

ˆ

cfreal
i t i t

i t cf
i t

C C
D

C ε

−
=

+
.	 (8)

Here, ,i tD  is the cost deviation score for production line i at t, measuring how far the actual cost 
deviates from the counterfactual normal cost, ,

real
i tC  is the actual observed cost of production 

line i at t, calculated from real financial and sensor data, ,
ˆ cf
i tC  is the counterfactual normal cost 

predicted by the model [Eq. (5)], and ε is a constant added to the denominator to prevent division 
by zero. If the deviation is large, the system flags the production line as anomalous. The anomaly 
classifier then outputs both the probability of anomaly and interpretable metrics such as 
deviation magnitude.
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	 The loss function of the CF-TGNN model is formulated as Eq. (7) to balance anomaly 
detection loss to determine binary cross-entropy, normal cost reconstruction loss to ensure the 
model learns normal cost behavior, and cost structure consistency loss to enforce conservation 
rules (material + labor + energy + overhead), and graph smoothing loss is used to maintain 
similarity among connected production lines. The total loss (L) is calculated by combining 
prediction error functions, including classification loss ( cls ) and reconstruction loss ( rec ) 
using weighting coefficients (λ). 

	 2
1 2 3 4 2Ècls rec str graphL L L L Lλ λ λ λ= + + + +   	 (9)

Here, clsL  is the classification binary cross-entropy loss used to train the anomaly detector to 
ensure that the model correctly distinguishes between normal and abnormal costs, recL  is the 
reconstruction loss with which the difference between the actual cost and the counterfactual 
normal cost is measured for normal samples, and the true cost information mechanism is learned 
rather than fitting anomalies, strL  is the cost structure consistency loss, making the 
counterfactual cost equal to the sum of material, labor, energy, and overhead components, and 

graphL  is the graph smoothing loss. This keeps the learned representations of connected 
production lines similar, reflecting the idea that lines with similar sensor profiles should behave 
alike under normal conditions, 1 2 3 4, , ,  and λ λ λ λ  are hyperparameters that control the relative 
importance of each loss term, adjusted to enhance anomaly detection accuracy against 
interpretability and stability, and Θ  is the set of model parameters (weights and biases). The 
term 2

2È   is an L2 regularization penalty (weight decay or Euclidean norm penalty) and is used 
to ensure that the CF-TGNN model is accurate, interpretable, and stable in cost related to sensor 
formation logic and to prevent overfitting by discouraging excessively large parameter values. 
The L2 regularization penalty is calculated using the squared Euclidean norm of all trainable 
model weights.(20)

4.	 Experiment 

	 To evaluate the performance of the CF-TGNN model, experiments were conducted on a high-
performance computing cluster using PyTorch.(21) The dataset containing 104 weeks of 
observations from 341 production lines was used to construct a heterogeneous multi-sensor data 
matrix that integrates electrical, mechanical, operational, and material-flow data. The dataset 
was used for the evaluation of sensor-data fusion and anomaly-detection performance under 
manufacturing conditions. The CF-TGNN model’s performance was compared with 
representative machine learning, deep learning, graph neural network, and dynamic graph 
neural network models.

1.	 Machine learning models
	 Extreme gradient boosting (XGBoost)(22) and random forest (RF)(23) were selected as 
conventional machine learning baselines. These models process multimodal sensor 
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measurements, such as power consumption, PLC status information, and material-flow 
indicators, as static feature vectors. Consequently, they are unable to capture temporal 
dependencies or structural relationships among production lines.

2.	 Deep learning models
	 LSTM(24) and GRU(25) models were used to apply representative sequence-learning 
approaches. These models capture temporal patterns within individual production lines but treat 
each line independently, limiting their capability to exploit spatial correlations and making them 
susceptible to localized sensor noise and drift.

3.	 Spatiotemporal GNN (STGCN) models
	 STGCN(26) and temporal graph convolutional network (T-GCN)(27) models were used to 
apply representative graph-based approaches. These models incorporate graph structures to 
capture spatial dependencies among neighboring nodes, simultaneously modeling temporal 
dynamics. However, they assume fixed graph topologies and do not explicitly incorporate 
manufacturing-domain constraints, which may lead to operational states that are physically or 
economically implausible.

4.	 Dynamic GNN models
	 To compare the performance of CF-TGNN with that of other models, two temporal GNN 
models were experimented with. The evolving TGNN (E-TGNN) updates graph representations 
as node relationships evolve over time,(28) enabling the adaptive modeling of changing production 
environments. The dynamic self-attention network (DySAT) employs structural and temporal 
self-attention mechanisms to learn dynamic node embeddings from evolving graph sequences.(29) 
Although these models effectively capture temporal changes in graph topology, they conduct 
representation learning and lack explicit manufacturing knowledge, cost-information logic, and 
conservation constraints. As a result, their predictions may violate physical operating conditions 
or financial cost-structure relationships. In contrast, the CF-TGNN model embeds manufacturing 
cost-information mechanisms directly into the graph-learning process through sensor-cost 
embeddings, counterfactual cost generation, and structural consistency constraints. With the 
integration of domain-specific cost conservation principles with temporal graph learning, CF-
TGNN ensures that anomaly predictions remain both operationally meaningful and financially 
interpretable, improving robustness to sensor disturbances and changing production conditions.
	 The CF-TGNN model embeds domain knowledge constraints directly into the graph topology 
and cost-information logic, ensuring that predicted states remain physically and financially 
plausible. The anomaly detection capability across all sensor nodes was quantified using 
standardized instrumentation evaluation metrics: precision, recall, F1-score, and area under the 
receiver operating characteristic curve (AUC).(30) These metrics are defined as follows. 

	 TPPrecision
TP FP

=
+

	 (10)
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	 TPRecall
TP FN

=
+

	 (11)

	 1- 2 Precision× RecallF score
Precision+ Recall

= × 	 (12)

Here, TP, FP, and FN denote true positives, false positives, and false negatives, respectively, 
relative to verified physical anomalies on the shop floor. The AUC is used to evaluate the 
tradeoff between detection sensitivity and false alarm rate across varying thresholds. To ensure 
reproducibility, all models were trained under identical data partitioning and normalization 
schemes, with hyperparameters optimized through Bayesian search.(31) Evaluation was 
conducted following best practices for industrial soft sensor validation.(32) 

	 Precision represents the reliability of the soft sensor when an alarm is triggered, avoiding 
false alarms that cause unnecessary inspection downtime, and recall represents the system’s 
sensitivity in detecting true operational faults to avoid missed alarms that allow costly efficiency 
losses to go unnoticed. F1-score represents the harmonic mean of precision and recall, providing 
a single balanced measure of overall detection performance.(33) In industrial soft sensors, when 
normal operating records far outnumber abnormal samples (class imbalance), a high F1-score 
ensures the model’s high fault-detection sensitivity, simultaneously maintaining a low rate of 
false alarms.

5.	 Results

5.1	 Descriptive statistics

	 Table 3 shows the descriptive statistics of the data collected: unit energy consumption 
[mean = 2.37; standard deviation (SD) = 0.82; range, 0.64–5.96], downtime duration 
(mean = 5.84; SD = 4.92; range, 0.1–37.8), and manufacturing cost ratio (the ratio of a production 
line’s manufacturing overhead to its total production cost in a given period) (mean = 0.322; 

Table 3
Descriptive statistics of data.
Variable Mean SD Minimum Maximum
Unit material consumption 1.215 0.284 0.512 2.166
Unit labor cost 0.0618 0.0241 0.0185 0.144
Unit energy consumption 2.37 0.82 0.64 5.96
Downtime duration 5.84 4.92 0.1 37.8
Yield 0.928 0.034 0.742 0.987
Unit product cost 56.82 18.77 18.94 143.6
Manufacturing cost ratio 0.322 0.083 0.125 0.574
Budget deviation rate 0.023 0.092 −0.198 0.417
Gross profit rate 0.171 0.061 −0.031 0.357
Cost deviation 0.0116 0.045 −0.082 0.284
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SD = 0.083; range, 0.125–0.574). These findings indicate that production line costs are not 
determined solely by corporate‑level factors but are strongly affected by the operational status of 
individual lines. Fluctuations in yield rates (mean = 0.928, SD = 0.034) and equipment utilization 
affect unit costs and the dilution of manufacturing overhead. The descriptive statistics provide 
the baseline for identifying anomalies at the production line level.
	 Among the 35,464 observations, 31,638 were classified as normal and 3,826 as anomalies, 
corresponding to an overall anomaly rate of 10.79%. The distribution of anomaly types is 
summarized in Table 4. The most frequent anomalies were energy spikes (986 cases, 25.77%) 
and downtime events (812 cases, 21.22%). These anomalies account for nearly half (46.99%) of 
all abnormal samples. This indicates the role of resource consumption efficiency and equipment 
operational stability as early‑warning indicators of cost variance in manufacturing enterprises. 
Other anomalies observed include yield drops (735 cases, 19.21%), material waste (611 cases, 
15.97%), and labor inefficiency (421 cases, 11.00%). Although mixed anomalies represent a 
smaller share (261 cases, 6.82%), they often correspond to larger cost deviations and sharper 
declines in gross profit margins.

5.2	 Data partitioning and hyperparameter configuration

	 To evaluate the predictive stability and robustness of the CF-TGNN model, avoiding data 
leakage or look‑ahead bias, the dataset was randomly partitioned into 70% training, 15% 
validation, and 15% testing subsets. This ensured that anomaly detection accuracy was verified 
on unseen data. The temporal encoder was used to construct the graph architecture, mapping 
continuous operational profiles and machine statuses to predict localized cost variances. Model 
optimization was performed using the Adam optimizer with a learning rate of 0.001 and a batch 
size of 64, as shown in Table 5. 
	 The latent features produced by the spatial graph and temporal gated layers were regularized 
with a dropout rate of 0.2, which reduces feature co‑adaptation and enhances generalization. To 
balance spatial context with computational efficiency, the neighbor restriction parameter was set 
to 8, meaning each production line aggregated information only from its eight most relevant 
peers.
	 Overfitting was controlled using an early‑stopping mechanism, which stopped training if the 

Table 4
Identified anomalies in data.
Anomaly Description Number Proportion of anomaly
Energy spike Abnormal increase in energy consumption 986 25.77%
Downtime Device shutdown anomaly 812 21.22%
Yield drop Decreased yield rate 735 19.21%
Material waste Abnormal material consumption 611 15.97%
Labor inefficiency Decreased labor efficiency 421 11.00%
Mixed anomaly Mixed anomaly 261 6.82%
Total — 3826 100.00%
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validation set’s AUC failed to improve for 10 consecutive epochs. This prevented unnecessary 
computation and ensured that the model converged to a stable solution. These hyperparameters, 
including the 12‑week time window, 128 hidden dimensions, Adam optimizer, learning rate of 
0.001, and batch size of 64, form a transparent and reproducible training configuration. The 
parameters were set up to ensure that CF-TGNN effectively captures temporal dynamics and 
spatial correlations in production line cost data.

5.3	 Model comparison 

	 The performance of different models is compared in Table 6. The CF-TGNN model showed 
the highest overall performance, with a precision of 0.849, a recall of 0.832, an F1-score of 0.840, 
and an AUC of 0.963. These metric values exceeded those of other models, including 
conventional machine learning, sequence-based deep learning, spatiotemporal graph neural 
network, and dynamic graph neural network models. 
	 XGBoost and RF showed F1-scores of 0.718 and 0.709 with AUC values of 0.841 and 0.835, 
respectively. Their relatively low performance is attributed to the treatment of heterogeneous 
multi-sensor measurements as static feature vectors, which prevents the models from capturing 
temporal dependencies and structural relationships among production lines. Consequently, 
important operational patterns associated with cost-variance anomalies are not adequately 
represented. Sequence-based deep learning models showed enhanced performance. LSTM and 
GRU showed F1-scores of 0.752 and 0.760, respectively, demonstrating their capability to capture 
temporal dependencies in production processes. However, they are unable to exploit cross-line 
operational similarities because these models treat each production line as an independent 

Table 5 
Model training parameters. 
Parameter Value Description

Time window 12 weeks Defines the temporal span of input data, ensuring that seasonal and 
medium-term cost fluctuations are captured.

Number of hidden 
dimensions 128 Sets the size of latent feature representations, allowing the model to 

encode complex spatiotemporal patterns

Optimizer Adam Provides efficient gradient based optimization with adaptive learning 
rates, accelerating convergence.

Learning rate 0.001 Controls the step size during optimization, balancing convergence speed 
and stability

Batch size 64 Determines the number of samples processed per iteration, improving 
training efficiency and stability.

Neighbor 
restriction 
parameter

8 Limits each production line to its eight most functionally correlated peers, 
ensuring meaningful spatial aggregation without high computational cost

Dropout 0.2 Regularizes latent features by randomly deactivating neurons, reducing 
co-adaptation and improving generalization

Early stopping
AUC stops 

improving after 10 
consecutive epochs.

Prevents overfitting by halting training when performance plateaus, 
ensuring convergence to a stable solution
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sequence. As a result, localized sensor disturbances, such as temporary signal drifts, 
measurement noise, or communication errors, may be misinterpreted as genuine production 
anomalies.
	 Graph structures enable the enhancement of anomaly-detection performance. STGCN and 
T-GCN showed F1-scores of 0.798 and 0.805 with AUC values of 0.923 and 0.931, respectively. 
The results showed the benefits of integrating spatial relationships among production lines. 
Despite this, these models use statistical correlations within graph structures and do not 
incorporate manufacturing-domain knowledge or cost-information mechanisms. Consequently, 
their predictions do not satisfy physical operating conditions or economic cost-composition 
relationships.
	 The dynamic GNN models DySAT and E-TGNN showed F1-scores of 0.803 and 0.811 and 
AUC values of 0.932 and 0.938, respectively. These results indicate the effectiveness of dynamic 
graph learning in capturing evolving relationships among production-line nodes. By 
continuously updating graph representations over time, TGNN models reflect changing 
production conditions better than static graph architectures. Despite their superior representation-
learning capability, these models are data-driven and do not identify physical and financial 
constraints. As a result, anomalies are identified using statistical deviations rather than 
operationally interpretable cost-generation mechanisms.
	 CF-TGNN consistently outperformed all benchmark models by integrating sensor-cost 
embeddings, temporal graph propagation, counterfactual baseline generation, and structural 
consistency constraints in a unified framework. Whereas conventional graph models classify 
node states, CF-TGNN generates a counterfactual normal-cost baseline representing expected 
operating conditions and then evaluates deviations from this baseline. This mechanism enhances 
robustness to localized sensor disturbances, preserving the physical and financial consistency of 
predicted states. The superior F1-score (0.840) and AUC (0.963) indicate that the integration of 
graph-based relational learning with manufacturing cost-information knowledge leads to a more 
reliable and interpretable solution for sensor-driven cost variance analysis than purely data-
driven approaches.

Table 6
Performance comparison of different models for sensor data processing capability.
Model Precision Recall F1-score AUC
XGBoost 0.742 0.695 0.718 0.841
RF 0.731 0.688 0.709 0.835
LSTM 0.774 0.732 0.752 0.889
GRU 0.781 0.74 0.76 0.894
STGCN 0.812 0.784 0.798 0.923
T-GCN 0.819 0.791 0.805 0.931
DySAT 0.815 0.792 0.803 0.932
E-TGNN 0.823 0.8 0.811 0.938
CF-TGNN (this study) 0.849 0.832 0.84 0.963
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5.4	 Early warning capability and financial management implications

	 To evaluate the operational and predictive capability of the CF-TGNN model as a real‑time 
early warning system, its capability to anticipate systemic cost‑variance anomalies was 
compared with those of the other models. In manufacturing, sensor data anomalies, such as 
micro‑stoppages, mechanical degradation, or material over‑consumption, manifest well before 
they are formally compiled into delayed monthly or quarterly corporate financial ledgers. An 
experiment was conducted to quantify how many weeks in advance a front‑end data‑driven 
soft‑sensor model can alert operators to downstream financial anomalies.
	 The CF‑TGNN model achieved the longest average advance detection, identifying anomalies 
2.36 weeks before occurrence, which outperformed machine‑learning models and conventional 
deep‑learning models (Table 7). It also showed high reliability under strict time‑to‑detection 
constraints, with a one‑period early warning rate of 76.84%, a two‑period rate of 58.19%, and 
the lowest missing alarm rate (17.10%) among all models. XGBoost and random forest models 
failed to capture sequential dependencies, achieving horizons of only 1.1 weeks and suffering 
from high missing alarm rates (>31%). They detected anomalies only after significant 
degradation is visible. 
	 The LSTM and GRU models shortened the period to 1.7 weeks by tracking continuous 
process signatures. However, without spatial connectivity, localized sensor noise masks early 
fault signals, keeping missing alarm rates relatively high (24%). The STGCN, T‑GCN, and CF-
TGNN models extended the period to about 2 weeks by leveraging spatial context. The CF-
TGNN model showed the longest period by integrating counterfactual digital‑twin generation 
with structural conservation rules, suppressing environmental noise and detecting subtle, 
compounding variations across heterogeneous sensor streams. This yields the lowest missing 
alarm rate (17.10%) and the most reliable early‑warning capability.
	
5.5	 Ablation study results

	 To validate the effectiveness of each layer in the CF-TGNN architecture, an ablation 
experiment was conducted (Table 8). This analysis incrementally incorporated the four structural 

Table 7 
Early-warning capabilities of different models.

Model Average detection period 
in advance (weeks)

One-period early 
warning rate (%)

Two-period early 
warning rate (%)

Missing alarm rate 
(false negative rate) (%)

XGBoost 1.12 54.36 32.15 31.25
Random Forest 1.05 51.84 29.4 33.1
LSTM 1.68 67.93 44.52 24.8
GRU 1.72 68.45 45.1 23.95
STGCN 1.94 71.2 50.85 20.15
T-GCN 2.01 72.8 52.1 19.42
CF-TGNN 2.36 76.84 58.19 17.1
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layers, sensor‑cost embedding, similarity graph construction, temporal graph propagation with 
counterfactual cost generation, and structural consistency loss layers, to evaluate their individual 
and combined contributions.
	 The sensor‑cost embedding layer improved the F1-score from 0.759 to 0.787 and the AUC 
from 0.927 to 0.939 by incorporating financial cost‑structure information. This confirms that the 
integration of embedding sensor and cost features enhances anomaly detection accuracy. In the 
similarity graph layer, by adding production line similarity graphs, the F₁‑score increased to 
0.812, demonstrating that cross‑line spatial relationships provide reliable benchmarks for 
detecting cost variances. With the introduction of counterfactual modeling, the counterfactual 
cost generation layer increased the F1‑score to 0.829, showing that identifying anomalies 
through deviations between actual and counterfactual costs is more effective than direct 
classification. Consistency between counterfactual and real cost structures yielded the highest 
performance (F1 = 0.840, AUC = 0.963) in the structural consistency loss layer, ensuring that 
anomaly prediction results align with financial decomposition rules, enhancing stability and 
interpretability. 
	 The ablation study results show that the CF-TGNN model’s superiority stems from the 
integration of all four layers rather than any single component. Its architecture follows a 
sequential design: sensor‑cost embedding → similarity graph construction → counterfactual 
cost generation → structural consistency enforcement. This layered architecture enables the CF-
TGNN model to capture physical shop‑floor dynamics and financial cost structures, ensuring 
robust anomaly detection and meaningful cost interpretation. 

5.6	 Counterfactual cost deviation 

	 A key output of the CF-TGNN framework is the counterfactual normal cost ( ,
ˆ cf

i tC ). The cost 
deviation ( ,i tD ) is calculated by comparing actual costs with counterfactual costs. When the 
actual costs of a production line’s consistently exceed the counterfactual normal cost, the 
variance is not attributable to random fluctuations but instead reflects persistent inefficiencies or 

Table 8
Ablation experiment results.

Model Variant Sensor‑cost 
embedding layer

Similarity 
graph layer

Counterfactual cost 
generation layer

Structural 
consistency loss layer F1‑score AUC

LSTM 
(without all layers) × × × × 0.759 0.927

Without similarity 
graph layer 🗸 × × × 0.787 0.939

Without 
counterfactual layer 🗸 🗸 × × 0.812 0.949

Without consistency 
loss layer 🗸 🗸 🗸 × 0.829 0.957

CF-TGNN 
(all layers included) 🗸 🗸 🗸 🗸 0.84 0.963
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structural issues in the production process. The results show that the average cost deviation for 
normal samples was 0.0068 and that for abnormal samples was 0.0513. Actual costs in 
manufacturing normal products fluctuated slightly around the counterfactual benchmark, 
whereas those inmanufacturing abnormal products were 5.13% higher on average. This shows 
that cost deviation is an effective discriminator between normal and abnormal operating 
conditions (Table 9). The average gross margin of abnormal products (0.1395) was lower than 
that of normal products (0.1750). This indicates that cost variances exert a tangible impact on 
corporate profitability. From a financial perspective, higher cost deviations correspond to 
increased unit product costs, wider budget variances, and compressed gross profit margins.
	 The results presented in Fig. 3 show the managerial and operational significance of 
counterfactual cost deviation analysis. Figure 3(a) shows that actual costs generally track the 

Table 9
Cost deviations of manufacturing normal and abnormal products.
Product type Number Average cost deviation Ratio of average gross profit
Normal 31638 0.0068 0.1750
Abnormal 3826 0.0513 0.1395

Fig. 3.	 (Color online) (a) Comparison of actual costs (blue line) with counterfactual normal costs (orange line) and 
(b) deviation rate (blue dot: abnormal cost observed).

(a)

(b)



Sensors and Materials, Vol. 38, No. 10 (2026)	 6023

counterfactual benchmark. Persistent divergences in abnormal weeks reveal inefficiencies that 
are structural rather than stochastic. Figure 3(b) shows these divergences, indicating that 
abnormal samples deviate by an average of 5.13% compared with 0.68% for normal samples. 
From a managerial perspective, this result enables a diagnostic tool: deviations that consistently 
exceed the counterfactual baseline signal underlying process inefficiencies that warrant targeted 
intervention. Operationally, the capability to identify abnormal cost behavior enables managers 
to prioritize corrective actions, such as refining resource allocation, adjusting production 
scheduling, or redesigning workflows to mitigate inefficiencies. Financially, the relationship 
between higher deviations and compressed gross margins highlights the tangible impact of 
operational inefficiency on profitability. Therefore, counterfactual cost deviation analysis 
discriminates between normal and abnormal operating conditions and equips decision‑makers 
with actionable insights to improve cost control, enhance process stability, and safeguard 
corporate margins.

5.7	 Robustness 

	 To ensure the reliability of the model performance, three robustness tests were conducted.
1.	� Alternative anomaly test: The original anomaly criteria (based on 1.5 SD and budget 

deviation thresholds) were replaced with definitions using the top 10 or 15% cost deviation 
percentile.

2.	� Graph adjustments: Cosine similarity was substituted with Gaussian kernel similarity, and 
the neighbor restriction parameter was varied to test stability.

3.	� Industry‑specific subsample validation: Model performance was tested across equipment 
manufacturing, food processing, and agricultural product processing sectors. 

	 When the anomaly definition was modified to use the top 10 or 15% cost deviation percentile, 
the CF-TGNN model maintained stable performance, with F1-scores of 0.831 and 0.846 and 
AUC values of 0.958 and 0.961, respectively (Table 10). This confirms that the model is not 
overly sensitive to the choice of anomaly labeling criteria. When changing the graph initialization 
step by substituting a Gaussian kernel graph, the F1-score and AUC were 0.835 and 0.960, 

Table 10
Robustness test results.
Verification method F1-score AUC
Change anomaly to top 10% cost deviation percentile 0.831 0.958
Change anomaly to top 15% cost deviation percentile 0.846 0.961
Gaussian kernel graph 0.835 0.96
Neighbor restriction parameter = 5 0.832 0.957
Neighbor restriction parameter = 10 0.841 0.964
Equipment manufacturing 0.836 0.959
Food processing 0.828 0.954
Agricultural product processing 0.821 0.951
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respectively. These values were identical to the baseline performance, proving that the temporal 
propagation layer remains robust under different topological definitions. When adjusting the 
neighbor restriction parameter from 5 (a sparse setting) to 10 (a dense setting), a negligible 
performance change was observed. This stability shows the model’s spatial feature-aggregation 
capability from neighboring nodes without introducing localized noise or suffering from 
oversmoothing. The cross‑industry evaluation result showed strong domain generalization 
across distinct manufacturing sectors. For agricultural product processing, which typically 
features variable material inputs and cyclical processing, the model achieved an F1‑score of 
0.821 and an AUC of 0.951. This performance indicates that the CF-TGNN model avoided 
overfitting to any single factory environment by structuring deep learning layers with physical 
process rules, such as mass balance and energy conservation constraints. The model operates as 
a reliable, physics‑bounded soft‑sensor framework across diverse smart manufacturing 
environments.

6.	 Discussion

6.1	 Significance of CF-TGNN

	 GNNs have been applied to capture nonlinear spatial interactions across industrial layouts, 
reducing manual parameter tuning.(34) Temporal attention mechanisms dynamically weight 
historical sensor states to adapt to changes in production modes.(35) CF-TGNN is built on the 
advances by integrating spatial dependencies with counterfactual baseline generation, providing 
a steady‑state reference for variance analysis. Statistical models are criticized for their black‑box 
nature. Recently, conservation laws have been embedded into loss functions,(36) showing that 
boundary conditions such as mass balances or thermodynamic constraints improve stability and 
prevent unrealistic outputs.(37) We extended the concept by demonstrating that financial 
cost‑decomposition metrics can serve as macro‑level boundary constraints, linking physical 
anomalies to economic outcomes. 

6.2	 Industrial implications and financially aware manufacturing 

	 Managing diverse shop‑floor data requires robust real‑time data fusion. Edge‑computing 
frameworks are used to process vibration and acoustic telemetry locally before transmitting 
aggregated states.(38) Multi‑modal data fusion methods are used to synchronize heterogeneous 
protocols, such as Modbus, OPC UA, and Ethernet Vision, to ensure temporal consistency across 
events.(39) CF-TGNN validates this approach by showing that combining enterprise data with 
continuous edge telemetry produces a traceable diagnostic path from machine components to the 
financial balance sheet. CF-TGNN demonstrates how sensor technology is used in intelligent 
manufacturing. When embedded in advanced architectures, sensors become part of a larger 
diagnostic and financial management system. With the fusion of sensor data with physics‑based 
rules and enterprise metrics, CF-TGNN shows how sensor networks can evolve into intelligent, 
financially aware systems that guide proactive decision‑making across the factory floor.	
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	 The results of this study confirm the effectiveness of the CF-TGNN model as a high‑fidelity 
soft sensor framework. More than achieving strong predictive accuracy, the model shows how 
sensor technology can be repositioned in intelligent manufacturing: from isolated measurement 
devices to integrated diagnostic systems that connect shop‑floor telemetry directly to 
enterprise‑level financial outcomes. 
	 Traditional soft sensors often operate as stand‑alone tools, translating local measurements 
into narrow outputs such as fault classes or temperature estimates. They rarely account for the 
consequences of multi‑sensor deviations across an entire facility. CF-TGNN addresses this issue 
by converting sensor data to industrial metrics. This shows the increasing role of sensor 
technology in intelligent manufacturing systems that are proactive, financially aware, and 
resilient to real‑world disturbances. 
	 The developed model represents a physics‑informed, domain‑constrained sensor architecture. 
Conventional deep neural networks and spatiotemporal graph convolution models are vulnerable 
to hardware drift, electromagnetic noise, and packet loss. Under these conditions, standard 
models accumulate errors or generate unrealistic machine states, limiting their reliability in 
industrial environments. In contrast, CF-TGNN mitigates the limitation through its sensor–cost 
embedding layer and structural consistency loss. By mapping raw signals such as power 
consumption streams or register state changes into vector spaces governed by engineering 
conservation rules, the model enforces physical boundaries within its learning process. If one 
sensor drifts, the spatial propagation mechanism draws context from neighboring production 
lines to reconstruct the missing state. This resilience transforms the soft sensor from a simple 
pattern‑matching tool into a self‑correcting diagnostic system, strengthening the role of sensor 
technology in intelligent manufacturing. 
	 Multi‑sensor data fusion, combined with advanced graph topologies derived from that fusion, 
is essential for modern manufacturing analytics. Failures in automated production are rarely 
caused by a single machine or a clear threshold violation. Instead, combined small anomalies, 
such as tool wear, voltage drops, or micro‑stoppages, reduce efficiency, although they appear 
normal in isolation. Detecting these subtle anomalies requires dense deployments of sensors 
operating with soft sensors to interpret spatial relationships. The sensor topology graph used in 
CF-TGNN shows that production lines must not be modeled as isolated streams. By mapping 
similarities across production lines, the network detects variations invisible to single‑line 
models. This spatial context enables CF-TGNN to recognize 2.36 weeks of anomalies, 
demonstrating how sensor networks can evolve from reactive fault logging to proactive 
operational control in intelligent manufacturing.

6.3	 Performance comparison 

	 DySAT and E-TGNN enable adaptive representation learning by capturing temporal changes 
in graph topology, showing enhanced performance in various graph-based prediction tasks.(5,13) 
However, their application is limited to industrial soft sensing, and manufacturing cost variance 
analysis using them is limited because they primarily rely on statistical correlations among 
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graph nodes. In complex manufacturing environments, operational states are governed by 
temporal and spatial dependencies as well as by physical and economic constraints. Standard 
temporal GNNs are not incorporated into manufacturing cost-information mechanisms or 
conservation principles. Therefore, model predictions might not be within operational 
boundaries or cost estimates might not align with the underlying relationships among material, 
labor, energy, and overhead components. Their learned node representations are sensitive to 
localized sensor disturbances, such as signal drift, transient noise, calibration errors, or 
communication interruptions, which propagate through the graph and adversely affect anomaly-
detection performance.
	 The CF-TGNN model addresses these limitations through the integration of sensor-cost 
embeddings, counterfactual baseline generation, and the structural consistency loss term. Rather 
than classifying operational states, CF-TGNN generates a counterfactual steady-state cost 
baseline that represents expected operating conditions under normal production behavior. In the 
model, anomalies are identified on the basis of deviations from this counterfactual reference to 
distinguish genuine process abnormalities from transient sensor disturbances, maintaining 
consistency with manufacturing cost-information logic.
	 CF-TGNN’s superior performance to other models indicates that domain-specific 
manufacturing knowledge integration into temporal graph learning enables advantages beyond 
dynamic topology modeling. Through the combination of counterfactual reasoning and 
structural cost-conservation constraints, CF-TGNN has greater robustness, interpretability, and 
predictive reliability for sensor-driven cost variance analysis in intelligent manufacturing 
environments.

6.4	 Sensor modalities and materials

	 The CF-TGNN model is used for feature-attribution sensitivity analysis and the formulation 
of guidance for sensor hardware engineers and material scientists.(16) By isolating operational 
states that show uncertainty in cost variance, the CF-TGNN model enables the identification of 
parameters that show low signal-to-noise ratios or measurement fluctuations under harsh 
industrial conditions. For instance, localized energy spikes caused by friction-induced thermal 
losses indicate the need for advanced thin-film thermal sensors or high-temperature piezoelectric 
materials capable of continuous inline monitoring in dynamic mechanical environments.(17) Soft 
sensing transitions from a passive monitoring tool to an active diagnostic engine that leads to the 
determination of design criteria for functional materials and smart sensors.   
	 As edge computing, multi-modal sensor data fusion, and wireless sensor networks are widely 
applied in smart manufacturing, soft-sensor architectures require proof-of-concept. CF-TGNN 
enables the decoupling of hardware interfaces from graph representation learning. Advanced 
hardware, such as embedded edge-AI camera modules, high-frequency acoustic emission 
transducers, or millimeter-wave spatial tracking systems, must be integrated into domain-
constrained smart manufacturing.(18) The spatiotemporal graph structure of the model can be 
used to adjust adjacency weights to incorporate new high-frequency data streams without 
requiring structural model redesign.
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6.5	 Cross-industry applicability

	 In soft-sensor development, applicability and generalizability in different industrial sectors 
must be considered.(40) A model specifically designed for a single production environment has 
less flexibility in operating conditions and measurements, but model training becomes easier, 
and anomaly-detection accuracy can be increased. However, the multi-industry design provides 
important advantages. First, the similarity graph is constructed according to operational 
characteristics derived from sensor data rather than predefined industrial characteristics. This 
enables the model to identify common production behaviors across different sectors. For 
example, manufacturing processes with similar energy-consumption patterns or equipment-
utilization characteristics can share useful information even if they belong to different industries. 
	 A diverse graph structure enhances robustness against sensor disturbances. When a 
production line experiences temporary sensor drifts, hardware malfunction, or communication 
noise, the model uses information from other production lines with similar operating conditions 
to compensate for the corrupted measurements. This peer manufacturing line data-based 
learning enables the reduction of the impact of localized sensing errors and improves detection 
reliability. The model that can be applied to various industries enhances deployment flexibility. 
Instead of developing separate soft-sensor models for each manufacturing sector, the CF-TGNN 
model enables a unified digital-twin architecture that can be applied across different industrial 
environments. The model can be adapted to specific applications through transfer learning or 
fine-tuning, reducing development costs while retaining strong predictive performance. 
	 The robustness of the developed model in this study supports such flexibility. CF-TGNN 
maintains consistently high performance across equipment manufacturing, food processing, and 
agricultural product processing. The model also balances domain-specific knowledge with 
cross-industry generalization, enabling reliable sensor-driven cost variance analysis across 
diverse manufacturing environments.

6.6	 Limitations and model deployment 

	 Although the model showed high detection accuracy, online, real-time deployment testing 
must be conducted. Model performance results using historical data might have constraints in 
live shop-floor implementation.(41) In the industrial IoT, communication jitter, network 
congestion, and temporary packet loss occur since different protocols, such as the Modbus 
remote terminal unit, OPC UA, and Gigabit Ethernet for machine vision, are used. Although the 
model enables the reduction of missing data, interruptions in data transmission degrade soft-
sensor performance.   
	 In manufacturing systems, production lines frequently undergo updates, product switching, 
or layout reconfigurations. Such structural changes alter baseline cost-information dynamics, 
requiring adaptive online retraining mechanisms to prevent false alarms. The inference time of 
CF-TGNN (14.2 ms per graph forward pass) is sufficiently fast for real-time monitoring. 
However, large-scale TGNN must be applied to edge gateways or PLCs through considerable 
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compression in edge-cloud collaborative processing architectures.(42) Therefore, the CF-TGNN 
model must be tested in MES to evaluate stability in data transmission, online learning, and alert 
response times.

7.	 Conclusion

	 A CF-TGNN model is developed in this study for sensor-data fusion, cost-variance analysis, 
and anomaly detection in manufacturing production lines. The model integrates domain-
constrained sensor–cost embedding, production-line similarity graph construction, temporal 
graph propagation, and counterfactual normal-cost generation. By converting heterogeneous 
sensor measurements into structured material, labor, energy, and overhead cost representations, 
the model connects operational conditions with financial outcomes. Its counterfactual 
mechanism estimates normal production costs, and structural consistency constraints ensure 
that the predicted cost components remain consistent with manufacturing cost relationships. 
	 Experiment results using 35,464 weekly observations from 341 production lines across 64 
companies showed that the CF-TGNN model achieved an F1-score of 0.840 and an AUC of 
0.963, outperforming machine learning, deep learning, and graph neural network models. The 
ablation study results indicated that sensor–cost embedding, similarity graph construction, 
counterfactual cost generation, and structural consistency constraints contributed to the overall 
detection performance. Robustness tests showed that the model maintained competitive 
performance under alternative anomaly definitions and graph configurations and across selected 
manufacturing sectors. CF-TGNN enabled an average early-warning horizon of 2.36 weeks, 
with one-period and two-period early-warning rates of 76.84 and 58.19%, respectively. Its 
missing-alarm rate was 17.10%, the lowest among the models evaluated in this study. In addition, 
the differences in average cost deviation between normal and abnormal observations indicate 
that counterfactual cost comparisons enable the  accurate detection of operating fluctuations that 
lead to costly production inefficiencies. The results support the use of domain-constrained 
temporal graph learning for interpretable, sensor-driven cost monitoring and early warning. The 
model needs further development to be deployed in different intelligent manufacturing systems 
that connect shop-floor sensing with enterprise-level cost management.
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