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Abstract. Compressor digital twins need to rapidly adjust parameters when fouling, clearance change, sensor bias or load
transients occur and the nominal model is no longer valid. A DeepONet-Kalman model is presented in this paper to separate
nonlinear operator prediction from covariance-aware measurement assimilation. A branch encoder receives a sliding
window of pressure, temperature, rotational speed, valve command and flow signals, and a trunk encoder queries the state
at the current operating coordinate. The latent product is the predicted output of the compressor. An adaptive extended
Kalman layer then updates the flow-capacity, thermal-efficiency, leakage, heat-transfer and sensor-bias parameters based
on innovation statistics and bounded covariance inflation. Experiments use a physics-consistent variable-speed compressor
simulator with 42 operating sequences, 1.26 million samples, four degradation patterns, two disturbance families, and
controlled sensor corruption. The proposed model has achieved a 0.72% pressure error, a 0.88% discharge-temperature
error and a 2.6% mean parameter error, and is better than the strongest recurrent baseline at 1.34%, 1.57% and 5.9%
respectively. Median online latency is 17.6 ms per update, and 94.1% of the measured states fall within the predicted 95%
uncertainty interval. According to the ablation experiments, innovation-conditioned covariance adaptation is required to
deal with sudden fouling and bias generation. Based on the above results, neural operator inference and recursive statistical
correction can be used to achieve accurate, stable and computationally feasible real-time updates of compressor digital
twins.
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Introduction

All kinds of conditions are available for suction, rotation speed, cooling capacity and downstream demand of
industrial compressors. A digital twin can use the measurements to find out the internal thermodynamic
conditions and status of a machine, but only if the model parameters are still consistent with those of a changing
machine. Now, the twin platform frequently incorporates first-principles models and data services to achieve
this alignment [1]. High-frequency monitoring can also show a decline in performance well before reaching the
traditional alarm threshold [2]. However, the signal of the emerging fault is mixed with control transients and
ambient fluctuations [3]. Data-driven surrogates reduce simulation time [4], and hybrid twins maintain physical
meaning when training coverage is lacking [5]. Therefore, the remaining engineering problem is not to predict
the output of the compressor; rather, it is to update the twin quickly enough so that parameter drift, sensor bias
and genuine disturbances cannot be distinguished.

Recursive estimators can be used for online correction naturally. Kalman-family filters are sensitive to the model
and uncertainty covariance for prediction and new evidence [6]. However, the performance will decline if the
fixed local transition model cannot reproduce the strong nonlinearity in valve dynamics, thermal storage and
changing gas properties. Recurrent Neural Networks can learn temporal dependencies [7], but their hidden state
does not directly define an operator that can be queried at any operating point. Neural operators overcome this
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defect by learning mappings of functions rather than mappings of finite-dimensional vectors [8]. DeepONet is
relatively simple, as the separate branch and trunk networks encode the observed input history and query
location [9]. A compressor twin still needs a statistically sound way to determine how strongly each new
measurement should adjust the uncertain physical parameters.

Develop a DeepONet-Kalman model for real-time parameter updating in a variable-speed compressor digital
twin in this paper. A DeepONet is used to provide non-linear state forecasts and local sensitivities, and then
bounded adaptive Kalman correction of five interpretable health and bias parameters is performed. Uncertainty
is carried by the posterior covariance and not inferred from pointwise network residuals. Monitor for innovation
inconsistency to detect noise assumption mismatches, and limit parameter transformations that are physically
unreasonable. The implemented edge-computing cycle for this paper consists of window construction, operator
inference, measurement gating, covariance adaptation and twin-state synchronization. It is a general
architecture for operator learning that supports recursive estimation transparency and has a millisecond-level
update speed for both gradual degradation and sudden changes in operation.

Related Work

Compressor Digital Twins and Data-Driven Surrogates

Digital Twins for rotating machinery integrate the representation of a computational asset and stream
measurements bidirectionally. Generally speaking, one or more of the above methods can be employed to
determine the efficiency and operating margin of compressors [10]. Hybrid formulations add learned residuals
to the above equations to account for unmodeled heat transfer and valve losses without losing the conservation
structure [11]. Surrogate models based on feed-forward or recurrent networks further reduce the cost of
repeated transient simulations [12]. The above methods have faster prediction speeds but often treat calibration
as an offline problem or periodically retrain the whole surrogate. The above measures are not well-suited for a
real-time twin because they have a retraining delay, confuse parameter identity with network weights, and offer
limited control over how measurement noise propagates in the updated asset state.

Neural Operators and Recursive State Estimation

Neural operators learn mappings from the input and output functions to approximate a family of dynamical
responses under different boundary conditions. DeepONet is a branch-trunk factorization that has shown good
approximation performance for parametric differential equations [13]. Physics-informed operator training
improves extrapolation by penalizing residuals or invalid states [14]. Kalman filters, on the other hand, keep a
compact probabilistic state and recursively update it with observations [15]. Adaptation adjusts the process and
measurement covariances according to the new information to address problems of sensor quality and
degradation rate [16]. Existing combinations of neural predictors and filters typically estimate observable states
while keeping slow physical parameters constant, or use general networks as state transition models without
leveraging operator queries. A gap exists in the compressor-specific architecture for learning transient response
operators, updating interpretable parameters, enforcing bounds and reporting update latency together with
uncertainty consistency.

Compressor Digital Twin and Operator Formulation

Twin State, Parameters, and Measurements

The digital twin of the single-stage variable-speed reciprocating compressor is used at the supervisory level.
Dynamic states include intake manifold pressure, exhaust manifold pressure, gas temperature, wall temperature,
and normalized mass flow memory. Fast crank-angle phenomena are condensed into map-based source terms,
and thus the model can still be used for 20 — 50 Hz updates. The parameter vector includes a flow-capacity
multiplier, an isentropic-efficiency multiplier, a leakage coefficient, an effective heat-transfer coefficient, and a
discharge-temperature sensor bias. These amounts have different responses to fouling, clearance growth,
sealing degradation, cooling change and instrumentation drift. Measured Inputs are suction pressure and

375



DeepONet-Kalman Modeling for Real-Time Parameter Updating in Compressor Digital Twins
https://doi.org/10.64972/jaat.2024v2.322p27e:374-385

temperature, shaft speed, valve command, discharge pressure, discharge temperature and mass flow. All
channels are time-stamped, only impossible spikes are filtered out, and normalized with training-set statistics.

The continuous twin is written as a parameterized state equation and observation equation:

x(t) = f(x(t), u(t), 6(1)) + w(t) Ea.(1)
where x is the thermodynamic state, u is the commanded and environmental input, @ is the slowly varying
parameter vector, and w represents unresolved dynamics. At sampling instant k, the instrument vector follows:

Vi = h(x, wy, 0,) + vy, Eq.(2)
where v, denotes measurement disturbance. Parameters are mapped through logistic or exponential
transformations so that the filter operates in an unconstrained coordinate system while the reported twin
always satisfies positive leakage, finite heat transfer, and prescribed efficiency limits.

DeepONet Representation

A sliding history with a length of 64 samples is supplied to the branch encoder. It includes the seven measured
and commanded channels, first differences, missing-data masks, and two summary statistics for each physical
signal. The trunk encoder receives normalized query time, speed, pressure ratio, and ambient-temperature
coordinates. The two encoders each produce 96 latent features. Their inner product, followed by a compact
output head, predicts the five dynamic states at the next update. Figure 1 should depict the complete signal
path from sensors and control inputs through window assembly, branch and trunk encoders, latent fusion, the
physics guard, Kalman correction, and synchronized digital-twin outputs.
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Figure 1. Overall architecture of the proposed DeepONet-Kalman compressor digital twin.
For output component j, the operator approximation is expressed as:

Rior = b (F) Tty (qi) + ¢ Eq.(3)
where H;, is the multichannel history, q; is the query coordinate, and by and t,, denote the branch and trunk
feature vectors, respectively.

Training minimizes a weighted state loss together with derivative-smoothness and feasibility penalties:

L=ALy,+ gL + A, L, + A-12||3 Eq.(4)
The feasibility term penalizes negative flow; it refers to the predicted gas temperature during compression being
lower than the intake temperature or the pressure ratio exceeding the simulation range. The derivative term is
calculated through short-term disturbance queries and limits oscillatory interpolation. These terms do not
require the network to reproduce a detailed crank angle model. They are always observable supervisory
behaviors.
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Branch features are generated by two temporal convolution blocks and gated attention over the 64-sample
window. Dilated kernels can show both the initial response of the actuator and a delayed thermal memory
without a deep recurrent stack. The trunk path is a sinusoidal time feature and learned embedding of the speed-
to-pressure ratio. Before calculating the potential inner product, both feature vectors are normalized using the
second moment method to prevent high-amplitude branching channels from dominating the query
representation. Separate linear output heads are retained for pressure, temperature, wall temperature and flow
memory due to different noise scales and derivative smoothness. Shared features are evaluated once, and only
the compact parameter-conditioned output layers are differentiated in the online cycle.

Offline Training and Sensitivity Extraction

Training sequences are stratified according to speed, pressure ratio, degradation class, and transient severity.
Windows from the same simulated run are kept in one partition to prevent temporal leakage. AdamW
optimization is followed by limited-memory BFGS refinement of the output head. Noise augmentation
introduces correlated pressure drift, temperature lag, flow dropout, and small timestamp jitter.

Local sensitivities required by the filter are obtained through automatic differentiation of the operator output
with respect to the transformed parameter coordinates:
0%y -1
L T Eq.(5)
where { denotes the unconstrained parameter coordinates. This derivative is evaluated within the same
inference graph and adds less than two milliseconds on the target processor. A trust coefficient reduces G,
when the query lies far outside the training envelope, preventing an extrapolative neural gradient from
producing an aggressive correction.

The offline data generator changes one parameter at a time in a part of the experimental design and uses Latin
hypercube sampling for the other mixed cases. Single-factor runs improve local identifiability, but mixed runs
teach the operator about the cross-couplings in actual operation. Validation monitors rollout error and
sensitivity sign. A checkpoint is considered invalid if it predicts an acceptable state but violates a known
monotonic relationship, for example, by increasing effective leakage while simultaneously raising delivered flow
at a constant speed and pressure ratio. The above sensitivity test will not be influenced by a small gradient that
is convenient for calculation but not realistic in practice.

Adaptive DeepONet-Kalman Parameter Updating

Augmented Prediction and Covariance Propagation

The recursive estimator extends the predicted thermodynamic state by adding the transformed parameter
vector. Dynamic states inherit the DeepONet forecast, and parameters follow a random walk process with
expected degradation rate as the process covariance. They are not the same: A neural operator shows a quick
non-linear change, but a filter attributes the extended innovation pattern to a small number of physical
alterations.

The augmented prior state is defined as:

~ | Xkik-1
Skik-1 =

s Eq.(6)

Cr-11k-1

A block transition Jacobian combines the neural-network state sensitivity, the operator parameter derivative Gy,
and identity parameter dynamics. The prior covariance is propagated as:

Pij—1 = FeP_qp—1Fi + Qy Eqa.(7)
The growth of process covariance should be bounded. Each diagonal term is limited by engineering bounds
based on the fastest plausible fouling, leakage, thermal and sensor-bias variations. Cross-covariance is kept
because discharge temperature and pressure jointly indicate efficiency and heat transfer, and flow and pressure
ratio jointly identify capacity and leakage.
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Observability is evaluated over a rolling window, and then the parameter block is corrected. Stacking local
measurement Jacobians is scaled by the expected sensor accuracy, and then their singular values are compared
to a lower bound for insufficient information. When capacity and leakage are almost collinear at a constant
operating point, their joint correction is projected onto the observable direction instead of permitting two large
and opposing parameter changes. If an appropriate source of stimulation cannot be provided, the twins will
report combined uncertainty and avoid attribution. This way is required for the maintenance application
because a low state of residual does not mean that all health parameters have been individually identified.

Innovation-Conditioned Correction

The innovation is a gated measurement and its predicted observation. A Hampel precheck rejects isolated
samples that exceed six robust standard deviations, but sustained shifts are retained because they may be real
parameter changes.

The measurement residual and its covariance are:
T = ¥ — h(Sk-1)
— T
Sk = HyPy—1Hy + Ry,
The Kalman gain is calculated as:

Ky = Py Hg Sic* Eq.(9)
The corrected augmented state is then obtained from:

Eq.(8)

Skik = Skik—1 + KTy Eq.(10)
Figure 2 should show the prediction stage, innovation testing, spike rejection, covariance matching, gain
calculation, bounded parameter transformation, posterior validation, and rollback when the normalized
innovation remains inconsistent.
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Figure 2. Real-time adaptive Kalman correction and safety logic.

The covariance is updated using the Joseph stabilized form to preserve symmetry and positive semi definiteness
under finite-precision computation:

Py = U — Ky Hi )Py (I — K Hy )™ + K R K, Eq.(11)
This form requires more matrix multiplications than the simplified covariance update, but it is more reliable for
an edge implementation that uses single-precision neural-network inference and double-precision filtering.

Measurement Channels are updated sequentially when their timestamps differ by more than half of a sampling
interval. Propagate the prior to the measurement time, correct it with the available channel subset, and then
propagate to the common synchronization point. Temperature has a first-order probe-lag state, and pressure is
considered to be effectively instantaneous at the supervisory sampling rate. Therefore, missing flow
observations reduce the amount of information but do not stop the update. Channel-specific gating does not
reject the entire measurement vector when only one sensor is corrupted. The status has been added with an
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age flag in all channels of the digital twin, allowing downstream optimization to distinguish between the most
recent posteriors and predictions delayed due to communication failures.
Covariance Adaptation and Real-Time Safeguards

A fixed noise model reacts too slowly to abrupt fouling and too strongly to temporary sensor degradation. The
proposed method therefore calculates the normalized innovation squared:

NIS, = r}Siry Eq.(12)
An exponentially weighted covariance mismatch is calculated independently:
Cr = BCy_y + (1 = P)ryri — Hy Py Hi ] Eq.(13)

Positive diagonal components of C; increase the measurement covariance, whereas persistent directional
innovations increase only the relevant parameter-process terms.

The bounded parameter covariance adaptation is defined as:

QB,k = Clip[QB,o © exp(yqdk)' Qmin Qmax] Eq.(14)
A similar rule updates Ry, but it uses a smaller adaptation rate. The runtime rollback mechanism stores the
previous valid posterior rather than manipulating the generated figure. If the innovation remains outside the
chi-square gate for five consecutive updates, parameter correction is frozen, the operator continues predicting
the thermodynamic state, and a data-quality flag is issued. Once statistical consistency returns, the covariance
is inflated smoothly over eight updates. The complete update cycle uses a preallocated tensor buffer and
factorized linear solves; the software implementation does not explicitly form a matrix inverse.

Experimental Evaluation and Data Analysis

Experimental Setup and Baselines

A physics-consistent supervisory simulator has been set up for a medium-sized variable-speed compressor.
Forty-two sequences of 30 minutes were generated at 20Hz, and after excluding warm-up periods, 1.26 million
synchronous samples were obtained. The speed is 900-1800 r/min; the suction pressure is 0.82-1.08 bar; and
the pressure ratio is 2.1-5.0. The training, validation and test sets had 26, 6 and 10 complete sequences
respectively. Four degradation processes have been introduced: gradual capacity loss, gradual leakage, reduced
heat conduction, and sudden sensor drift. The two disturbance categories cover the suction-pressure steps and
the valve command ramps. Sensor noise is colored and heteroscedastic, indicating that the observed industrial
state signals rarely conform to the independent Gaussian assumption [17]. The simulator serves as a controlled
reference and is not presented as plant data; its known parameters can directly calculate tracking error.

All decay sequences have a pre-alteration stage, a transition period and a stable state after modification. Gradual
capacity loss is a slope of 0.003-0.010 per minute; leakage ramps are between 0.001 and 0.004 per minute;
cooling impairment changes effective heat transfer by 10-35%; and temperature-bias steps range from 1.5 to
6.0 K. Disturbance timing is random; thus, degradation does not always occur after a stable baseline. Test
sequences also combine one health change with an unrelated suction or valve transient to prevent the filter
from succeeding simply by associating a fixed time index with deterioration.

Baselines were an extended Kalman filter with the nominal reduced-order model, a gated recurrent unit
predictor followed by Kalman correction, a long short-term memory predictor with recursive least-squares
parameter adaptation, standalone DeepONet without measurement correction, and a physics-informed
multilayer perceptron with an unscented filter. Recurrent architectures are common references for multivariate
equipment prognostics [18], and physics-informed learning provides a relevant comparison when conservation
information is available [19]. Deep-learning methods have also been applied to reciprocating-compressor fault
diagnosis [20]. Hyperparameters were selected on the validation sequences, not the test set. Accuracy was
measured with normalized root-mean-square error, mean absolute percentage error, and mean parameter
error. Reliability used empirical 95% interval coverage and normalized innovation consistency. Runtime
measurements included window assembly, network inference, differentiation, filter update, and twin
synchronization on an eight-core industrial processor.
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The selected model is the average of the errors in pressure, temperature, and flow, plus a penalty for insufficient
interval coverage. Therefore, we avoid selecting an overly confident model whose point estimate is exactly
accurate. All baselines received the same standardized input and measured gated front-end. Adjust the network
width to a similar parameter budget and train the neural network three times using different initialization
methods. Reported errors are aggregated across full test sequences, and ranks are calculated per sequence so
that the longest trajectory does not take precedence. Bootstrap intervals use complete sequences as resampling
units and maintain the temporal dependence of a run.

Figure 3 is referenced once here with all of its panels. Figure 3(a) reports discharge-pressure trajectories for five
load ramps, where the proposed curves remain within 0.03 bar of the truth after each transition. Figure 3(b)
shows discharge temperature for the same ramps and limits the largest overshoot error to 1.7 K. Figure 3(c)
gives mass-flow parity over 8,000 test points with R2 = 0.994. Together the panels establish that the operator
forecast supplies a sufficiently accurate prior before recursive correction.
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Figure 3. State-prediction accuracy: (a) discharge-pressure trajectories; (b) discharge-temperature trajectories; (c) mass-flow parity density.

Parameter Tracking and Comparative Accuracy

Parameter tracking was evaluated under both slow drift and abrupt onset. Figure 4 is referenced once. Figure
4(a) shows the capacity multiplier declining from 1.00 to 0.88 over 18 minutes; the DeepONet-Kalman estimate
has a 0.9% terminal error and a 22 s effective delay. Figure 4(b) presents leakage growth from 0.015 to 0.052,
with the posterior remaining inside its 95% band for 93.7% of samples. Figure 4(c) displays the heat-transfer
coefficient under a two-stage cooling impairment and shows recovery of the new level within 31 s. These three
cases are difficult for offline calibration because the informative transient occupies only a small part of the
operating record [21].

Across the ten test sequences, the proposed method achieved 0.72% discharge-pressure error, 0.88%
temperature error, 1.05% mass-flow error, and 2.6% mean parameter error. The strongest alternative, the gated
recurrent unit with Kalman correction, produced 1.34%, 1.57%, 1.62%, and 5.9%, respectively. Standalone
DeepONet reached 1.01% state error on average but could not maintain an interpretable health trajectory after
parameter drift. The nominal extended filter showed the largest transient bias because its local model
underestimated valve and thermal coupling. Figure 5 is referenced once. Figure 5(a) compares normalized state
error across six methods; Figure 5(b) uses a critical-difference style rank plot over the ten sequences; Figure 5(c)
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patterns explain why the aggregate parameter metric remains higher than the three state errors and support
reporting posterior covariance rather than a single health score [22].
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Robustness, Ablation, and Computational Behavior

Robustness tests changed noise amplitude, missing-data fraction, degradation rate, and operating-envelope
distance. Figure 6 is referenced once. Figure 6(a) is the single heat map in the paper and reports pressure error
over five noise levels and six dropout levels; error remains below 1.2% up to 1.5-times nominal noise and 10%
dropout. Figure 6(b) plots calibration error against distance from the training envelope for four uncertainty
treatments, showing that trust-weighted sensitivity prevents the sharp rise observed with unbounded gradients.
Figure 6(c) presents normalized innovation histograms for normal operation, abrupt fouling, and sensor bias,
including chi-square reference limits. The adaptive model restores median innovation to 1.06 after the transient.
Online identification of noise covariance is an established problem in adaptive Kalman filtering [23]. Covariance
matching is also used to accommodate time-varying uncertainty in nonstationary monitoring processes [24].

(a) Noise-dropout pressure error (b) Extrapolation calibration
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Figure 6. Robustness and uncertainty behavior: (a) noise-dropout error heat map; (b) extrapolation calibration curves; (c) normalized-
innovation distributions.

Ablation results separated four design choices. Removing covariance adaptation increased mean parameter
error from 2.6% to 4.3%, while removing the physics feasibility penalty raised pressure error from 0.72% to
0.96%. Replacing automatic-differentiation sensitivities with finite differences increased latency and produced
noisier leakage estimates. Eliminating the trust coefficient had little effect in-envelope but raised the worst
extrapolation error from 3.4% to 7.9%. These outcomes agree with broader evidence that hybrid constraints are
most valuable at sparse or shifted operating conditions [25]. They also show that uncertainty calibration should
be tested independently of point prediction accuracy [26].

Figure 7 is referenced once. Figure 7(a) decomposes median update latency into 1.8 ms preprocessing, 8.9 ms
operator inference, 1.7 ms sensitivity evaluation, 3.6 ms Kalman correction, and 1.6 ms synchronization, totaling
17.6 ms. Figure 7(b) gives latency distributions for five window lengths and confirms that the 99th percentile
remains below 31 ms at the selected length of 64. Figure 7(c) plots accuracy against computation for all six
methods, placing DeepONet-Kalman on the Pareto frontier. These timing results leave margin for a 20 Hz update
schedule, although deployment latency will depend on driver and communication overhead [27]. Edge-oriented
predictive-maintenance studies likewise emphasize that end-to-end timing, rather than network inference alone
determines operational feasibility [28].

’

Memory consumption: Weights are about 38MB, pre-allocated Tensors are around 6MB, and the filter and
diagnostic buffers are less than 1MB. Reuse the branch representation for multiple query coordinates to reduce
short-horizon forecast cost. Reduce the update frequency from 20Hz to 10Hz; although the increase in pressure
error will only be 0.06%, the delay in detecting a sudden bias will be about 0.4 seconds. At 5 Hz, the transient
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pressure error and innovation overshoot are relatively large. Therefore, the selected rate is more responsive
than a specific number. A production implementation would be to use a slower update rate in a stable state and
increase it after a control event or innovation alarm.

(a) Median latency decomposition (b) Latency versus history length
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Figure 7. Computational performance: (a) latency decomposition; (b) latency distributions versus history length; (c) accuracy-computation.

A controlled benchmark shows what the model does, but not all the plant factors. Gas composition is in the
normal range, there is a valve fault shown by an effective loss coefficient, and the network interface is simulated
locally. Therefore, the reported advantages should be viewed as evidence of algorithmic feasibility under known
ground truth. A field trial would need independent equipment and time-stamped records of acceptance before
the health estimate was used to modify the maintenance or control plan.

Conclusion

A DeepONet-Kalman architecture for real-time parameter update in compressor digital twins is introduced in
this paper. The operator network is a nonlinear transient behavior model used for multi-channel historical and
operational queries. The adaptive filter combines measurements, updates interpretable health parameters, and
propagates uncertainty through stable posterior covariance. Physical parameter transformations, innovation
gating, trust-weighted sensitivities and bounded covariance adaptation make the coupling suitable for a
continuous supervisory update cycle rather than an offline surrogate study.

Currently, this study is constrained by a controlled simulator and a compact lumped representation of valve,
thermal and leakage effects. Parameter identifiability is reduced if the excitation is too small or if multiple faults
have nearly collinear measurement signatures. This method also assumes that timestamp alignment and some
signal validations have already been performed. Therefore, the actual reasons for the maintenance decisions of
all these compressors are unknown.

Future work will add long-term plant data and regular maintenance checks to the method, expand the scope of
operators to multiple gas compositions and multi-stage interactions, and study distributed updates among
compressor fleets. Further research can be conducted on combining conformal uncertainty bounds with
recursive covariance, proactive incentive strategies to enhance parameter observability (without affecting
production), and the formal safety interface of updated twins and supervised optimization.
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