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ABSTRACT

Reliable multimodal monitoring in crystallization processes remains challenging due to heteroge-
neous PAT signal quality, sensor drift, asynchronous sampling and nonstationary noise. This work
presents a machine-learning-assisted fusion framework that integrates multimodal PAT alignment,
estimation and physics-guided regularisation to generate coherent concentration and particle-
size trajectories. A mechanistically informed simulation platform is developed to produce synthetic
Raman, FTIR, FBRM and image-based crystal size data with realistically simulated drift, hetero-
scedastic noise, dropouts and distortion patterns. Sensor reliability is inferred through a Random
Forest model trained on variance-normalised discrepancies and quality metrics, which allows the
dynamic adjustment of channel contributions. Across modalities, the Random Forest achieves MAE
values of 0.03-0.20 for probability-type indicators and shows stable explanatory power for vari-
ance-inflation factors on particle-size channels (R? = 0.81-0.93). Two representative PAT scenar-
ios illustrate the performance of the proposed framework under different cross-sensor discrep-
ancy structures, demonstrating improved robustness, reduced local variance and enhanced phys-
ical coherence compared with individual signals. Overall, the results highlight the potential of mul-
timodal information fusion as a foundation for trustworthy online monitoring and modelling in crys-

tallization.
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1. INTRODUCTION

With the rapid progression of continuous manufac-
turing, digital twins and process intensification, achieving
reliable online observability has become central to ensur-
ing product quality and supporting high-fidelity process
modeling [1-4]. This need is particularly acute in crystal-
lization-centered systems, where the time dependent
evolution of solute concentration and crystal size gov-
erns supersaturation control, population-balance dynam-
ics and critical quality attributes [5, 6]. Accurate and
high-resolution online measurements that capture the
underlying physicochemical evolution are therefore es-
sential for model development, and model-based optimi-
zation [7, 8].

Industrial crystallization is typically monitored using
process analytical technology (PAT) tools such as Raman
and FTIR spectroscopy for concentration estimation, and
FBRM or in situ imaging for particle size characterization
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[9-11]. Although these sensors provide complementary
information, their performance in practice is affected by
temperature- and solids-dependent spectral drift [12,
13], the structural mismatch between chord length and
true particle sizes [14, 15], and imaging artefacts such as
defocus or occlusion [16]. Additional challenges arise
from asynchronous sampling between fast and slow PAT
instruments, which leads to temporal misalignment and
apparent discontinuities [17]. While various single sensor
enhancement strategies have been proposed, inconsist-
encies between PAT channels remain common when in-
dividual sensors experience degradation or temporary
downtime, complicating unified trajectory reconstruction
for kinetic modeling, PBM simulation and soft sensing [18,
19].

To obtain more robust estimates of concentration
and particle size in particulate processes, researchers
have explored signal level fusion strategies, including
basic weighting schemes such as inverse-variance
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weighting [14, 20], rule-based gating heuristics [21, 22],
and classical filtering or smoothing [23, 24] to combine
information from heterogeneous PAT channels. While
these approaches improve interpretability under rela-
tively stable conditions, their performance remains
largely confined to laboratory settings, with limited con-
sideration of realistic industrial signal situations. In re-
sponse, researchers have increasingly moved towards
model level fusion frameworks that explicitly encode
multi-sensor data structures, mechanistic constraints,
and probabilistic noise models [25, 26]. These ap-
proaches treat heterogeneous PAT channels as jointly in-
formative measurements embedded within unified state-
space or hybrid mechanistic-statistical formulations. For
example, nonlinear state estimators such as EKF, UKF
and moving-horizon observers have been applied to re-
construct solute concentration and crystal size distribu-
tions from multiple process measurements in seeded and
industrial crystallization systems [27, 28]. In parallel,
multi-PAT sensor arrays that combine spectroscopic and
particle focused modalities have demonstrated the value
of structurally modelling cross channel complementarity
for polymorphism and particle size monitoring [29].
Nonetheless, these methods are often built upon as-
sumptions of stable noise characteristics and consist-
ently reliable sensor availability, whereas industrial crys-
tallization environments exhibit dynamic hydrodynamics,
varying solids loading and fluctuating PAT signal quality.
Achieving robustness, physical consistency and inter-
pretability simultaneously therefore remains a critical
open challenge.

To address these challenges, a system level frame-
work is developed that integrates multimodal PAT data
simulation, dynamic sensor weight learning, and robust
fusion. First, a multi-sensor data generation platform is
established. This platform emulates industrial PAT be-
haviours with drift, offset, heteroscedastic noise, local
dropouts and asynchronous sampling, aiming to generate
complex and highly perturbed signals that capture the
multi-factor variability observed under realistic industrial
operating conditions. Next, an ML-based adaptive
weighting mechanism is introduced to adjust sensor
credibility in real time according to signal quality. Finally,
robust statistical methods combined with temporal and
physicochemical constraints ensure that the fused con-
centration and particle size trajectories remain smooth,
consistent and physically coherent even under challeng-
ing noise conditions.

2. METHODOLOGY

2.1 PAT Data Structure and Feature
Construction

The analysis considers four PAT channels: Raman
and FTIR for concentration, and image-based sensors
Ma et al. / LAPSE:2026.0435
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(IMA, e.g., PVM) and FBRM-proxy channels for particle
size. Temperature is taken as the reference timeline, and
all PAT streams are merged using an as-of alignment
within a fixed tolerance so that each time point contains
a consistent set of observations and associated time-
step information. The aligned dataset is defined in Eq. (1).
D(t) = {Craman(®), Crrir(®)s Lpym(t), Lpgrm(t), T(®)} (1)

Concentration-related feature vectors Xconc(t) are
formed from the instantaneous Raman and FTIR values,
first-order temporal differences computed over a 7-point
window, local variance estimates, normalised inter-chan-
nel discrepancies, and the time step statistics inherited
from the alignment procedure. Spectral quality metadata
including correlation coefficients and wavelength-shift
indicators are included as direct numerical features when
present in the raw PAT output.

Particle size feature vectors Xsize(t) comprise the in-
stantaneous size estimates obtained from IMA, the cali-
brated FBRM-proxy signals, as well as derived de-
scriptors including local temporal gradients, rolling-win-
dow variability, and the normalised discrepancy between
the image-based and FBRM-proxy channels. To repre-
sent channel specific noise behaviour, image-quality in-
dicators and count variance metrics associated with the
construction of the FBRM-proxy are also incorporated.

For general applications, the underlying dataset
must provide synchronised multi-sensor time series with
explicit timestamps, channel resolved variance esti-
mates, and relevant quality metadata. In the present
study, all PAT datasets used for model development and
evaluation are synthetically generated cases designed to
strictly conform to this structural specification.

2.2 Pseudo-Label Construction and Model
Training

For each case, Raman-FTIR and IMA-FBRM pairs are
aligned on the common time axis. At each time index t,
the two sensor readings yi(t) and y2(t), together with their
nominal standard deviations ss(t) and sz(t), are combined
to obtain a robust reference value. The reference is de-
fined as the minimiser in Eq. (2).

x — y,(t) X = y,(8)
OO (2)
where p(+) is the Huber loss. When only one measurement
is available, the reference is taken directly from that
channel. Residuals ri(t) are computed, and the normalised
deviation is calculated in Eq. (3), which is used to char-
acterise the discrepancy between each sensor reading
and the reference, relative to its nominal noise level.
Based on this deviation, a variance inflation factor (VIF)
(Eq. (4)) is assigned to each sensor and subsequently
clipped within a fixed interval to suppress unrealistically

large inflation values.

x(t) = arg min [p(
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Zi(t) = W (3)
_n@’

ai(t) - Si(t)z (4)

A probability type failure indicator is constructed by
combining zi(t) with channel specific quality metrics, in-
cluding spectral correlation and peak-shift descriptors
for Raman/FTIR, and image correlation and count-vari-
ance descriptors for IMA/FBRM. The final probability is
obtained in Eq. (5).

Poad,i(t) = 0(zi(t) + 7 q:(1)) (5)

where qi(t) is the aggregated quality score and y is a con-
stant scale factor.

The input feature matrices are those constructed in
Section 2.1. Two independent multi-output Random For-
est regressors are trained for concentration and size sep-
arately. Each model outputs a four-dimensional vector
(poag, i(t), ai(t)). The regressors consist of 500 trees, use
bootstrap sampling, employ mean-squared error as the
splitting criterion, and restrict leaf size to a minimum of
three samples to stabilise the estimates. Maximum tree
depth is not constrained, allowing the ensemble to ap-
proximate nonlinear patterns. Feature subsets at each
split are selected using sqrt-d sampling, where dis the
number of feature dimensions.

The full dataset is randomly divided into an 80/20
train—test split with a fixed random seed to ensure repro-
ducibility. Each Random Forest model is trained on the
training portion and evaluated on the test portion using
mean absolute error, root-mean-square deviation, coef-
ficient of determination, and signed bias. After prediction,
outputs corresponding to probability-type indicators are
clipped to [0, 1], and VIFs are clipped to the prescribed
interval. These trained regressors serve as the reliability
estimators for the sensor weighting scheme used in the
fusion procedure of Section 2.3.

2.3 Sensor Fusion with Constraints and
Regularisation

The trained models provide estimates of the proba-
bility of sensor failure and the corresponding VIF. These
outputs jointly modulate the effective contribution of
each channel. A channel is considered unreliable when
Praa, i(t) exceeds a high-risk threshold, in which case it is
temporarily removed from fusion; when only one channel
remains valid, the fused estimate simply follows that
channel. For all remaining channels, the effective meas-
urement uncertainty is computed in Eq. (6). The precision
score can be defined in Eq. (7).

0(t) = a; () vy(t) (6)
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(1 — Praai(1))
0;(t)
where y controls the sharpness of the penalty applied to
unreliable sensors. The contribution weights are then ob-
tained by normalisation (Eq. (8)), after which they are
smoothed in time to prevent abrupt switching caused by
local noise or transient prediction variability. The fused
estimate and its propagated variance follow the standard

precision weighted averaging rules (Egs. (9-10)).

prec;(t) = (7)

() = prec;(?)
w;(t) —Zj prec, (1) (8)
Ytusea(t) = Z w; (£) yi (o) (9)
Ugysed(t) = Z wi2 ®v,(1) (10)

Short gaps caused by sensor dropouts are filled by
linear interpolation with aggressive variance inflation, en-
suring that reconstructed segments carry low confidence
and are naturally down weighted in later steps. To main-
tain consistency with crystallisation physics, the fused
trajectories are further regularised by two physical con-
straints. The first ensures that the fused concentration
remains consistent with the solubility relation at the cor-
responding temperature. The second enforces growth-
dominated behaviour, where particle number is approxi-
mately conserved and the evolution of the characteristic
size follows the prescribed baseline kinetics.

3. RESULTS AND DISCUSSION

3.1 Model Performance

The behaviour of each output in Table 1 is con-
sistent with the way pseudo-labels are generated in the
training pipeline. In the code, both py,4;(t)and «;(t)are
computed from residuals relative to a robust fused refer-
ence obtained via Huber IRLS. Channels whose simulated
noise structure is tightly controlled (FBRM counts and
IMA imaging) produce pseudo-labels with low intrinsic
variability, resulting in smoother targets and correspond-
ingly higher R?values for both py,4and «. In contrast, the
Raman and FTIR channels incorporate larger fluctuations
in their synthetic noise terms, including peak-shift, cor-
relation degradation and variable spectral perturbations.
These lead to a wider spread in the pseudo-labels and
therefore lower R? for the corresponding regression
tasks.

For the probability type indicators p,,q;, the mapping
is dominated by monotonic functions of the normalised
deviation z;(t)and channel specific quality metrics. These
relationships are relatively smooth and piecewise mono-
tonic, which aligns well with the structure of the RF
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Figure 1. Feature importance of the RF models for (a) concentration and (b) particle size signals.

model. Consequently, all PAT channels yield low predic-
tion errors and stable R?, including the Raman and FTIR
channels.

The VIFs a;depend quadratically on residuals, and
therefore amplify local variability more strongly. In the
synthetic dataset, the Raman and FTIR channels possess
higher perturbation amplitude and more irregular local

fluctuations. This produces labels with higher dispersion
and less predictable fine-scale structure, reducing the
achievable R?even when MAE and bias remain small. The
lower R*for oag,m.,and apprtherefore reflects the variabil-
ity present in the labels rather than a systematic model
deficiency, and does not affect the downstream fusion
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Figure 2. Synthetic scenarios used to evaluate fusion robustness cases (a) and (b).

stage where post clamped values are used only to mod-
ulate channel wise uncertainties.

Overall, the contrasting performance across chan-
nels directly follows from the pseudo label construction
mechanism in the simulation code. The lower R?for the
Raman/FTIR aoutputs is expected under the imposed
noise model and does not compromise the reliability es-
timates used in the subsequent fusion step.

The feature importance results reflect how the ran-
dom forest allocates predictive weight across the input
descriptors within the training dataset (Figure 1). For the
concentration RF model, the highest ranked features are
the effective variance terms (var_ftir_eff and var_ra-
man_eff), followed by temperature and a set of short-
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term derivative descriptors (|dC/dt|, Figure 1(a)). These
descriptors dominate the model’s internal decision rules
because they exhibit the strongest association with the
pseudo-labelled reliability targets generated during
training. Additional spectral structure descriptors, includ-
ing peak-shift and correlation metrics, also receive non-
negligible importance, consistent with their role in char-
acterising signal perturbations within the dataset.

For the size RF model, temperature again appears
with the highest importance values (Figure 1(b)). Other
influential descriptors include the chord-count signal,
variance terms derived from both IMA and FBRM-proxy
channels, and image correlation and image shift
measures. These variables receive higher weights
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Figure 3. Multimodal PAT fusion results for Case 1. (a) aligned Raman and FTIR concentration measurements with
fused estimates and uncertainty bands, (b) aligned IMA and FBRM-proxy mean size trajectories with fused
estimates and uncertainty bands, and (c—d) discrepancy z-scores quantifying cross-sensor consistency over time.

because they co-vary with the reliability pseudo-labels
across the synthetic cases used for training. Time-align-
ment and gating flags also contribute, although with
lower importance relative to variance- and correlation-
based descriptors.

Overall, the models emphasise descriptors that vary
most consistently with the reliability pseudo-labels in the
generated dataset, particularly those reflecting signal
variance, short-term fluctuations, and structural pertur-
bations in the PAT measurements. These importance
patterns should be interpreted strictly as reflections of
the models’ internal learning behaviour under the specific
data-generation and pseudo-labelling scheme adopted
here, and do not imply generalisable diagnostic value be-
yond this study’s design.

Table 1: Prediction performance of the multi-output Ran-
dom Forest model for each PAT channel.

Output MAE RMSE R? Bias
Poad ma 0.0605 0.1081 0.7220 -0.0041
O IMA 0.7789 2.0620 0.8118 -0.0865
Pvodrsrm  0.0312  0.0586  0.9001 -0.0016
O FerRM 0.2796 1.1892 0.9317 0.0017
Pbadraman  0.1596  0.2115  0.5093 -0.0035
Of Raman 3.8445 5.6881 0.4896 -0.1377
Poad Frir 0.2047 0.2558 0.4654 0.0011
O FTIR 6.1362 7.5885 0.4111 -0.0160

3.2 Case Studies

In this section two representative multimodal PAT
cases are examined to illustrate the primary challenges in
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crystallization monitoring (Figure 2). Case a exhibits rel-
atively stable concentration measurements but highly
dynamic particle size evolution with an initial induction
period, a rapid growth phase and sensor degradation ep-
isodes including imaging defocus, chord-length distor-
tion and temporary dropouts. Case b features stronger
baseline drift and temperature-dependent bias in the
concentration channels, while the size measurements
display continuous growth with local anomalies and in-
version-related inconsistencies.

The fusion results for case 1 are available in Figures
3 (a-d). The concentration trajectories in Figure 3 (a)
show that Raman and FTIR follow the same overall evo-
lution, although they display a noticeable baseline offset
in the early stage. When the system enters the dominant
crystallization transition between approximately 1100
and 1400 seconds, the two sensors respond coherently
and the fused trajectory captures a physically smooth
decline while presenting a narrower uncertainty envelope
than either individual channel. This behaviour indicates
effective fusion: the model is able to combine the com-
plementary information from both sensors, reduce high-
frequency noise and suppress misalignment-related var-
iability. In the final segment of the experiment, roughly
after 2200 seconds, the two concentration channels di-
verge substantially. The discrepancy z-score in Figure 3
(c) rises to values far beyond the expected statistical
range, signalling that the disagreement between sensors
is too large to be explained by their combined variance.
This pattern is characteristic of sensor drift, intermittent
artefacts or reliability degradation. The fused estimate
remains stable during these periods and avoids
1861



a2 b
@ —— Raman (aligned) (b) —u (aligned)
Raman 20 IMA £20
10 FTIR (aligned) FBRM proxy (aligned)
FTIR £20 400 FBRM proxy 420
—— Fused — Fused
Fused 420 Fused 20
08
5, 300
g H
£os 3
5 3
8 § 20
04 2
100
02
00 0
0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500
(c) (d)
—— 2= Raman - FTIR| / sqri(varR + varl) B 2= IMA- FBRM proxy| / sqri(varP + varF)
-- z=3 - z=3
20
6
85
o
g §
3 a4
3 8
210 g l
§ g3 U
Z s
e g
o2
’ M\
} n " 1 ‘
T AT i LA B
o 0
Time

0 500 1000 1500 2000 2500 0 500 1000 1500 2000 2500

Figure 4. Multimodal PAT fusion results for Case 2. (a) aligned Raman and FTIR concentration measurements with
fused estimates and uncertainty bands, (b) aligned IMA and FBRM-proxy mean size trajectories with fused
estimates and uncertainty bands, and (c—d) discrepancy z-scores quantifying cross-sensor consistency over time.

propagating spurious fluctuations.

A similar behaviour is observed for the size signals
in Figure 3 (b). IMA and the FBRM-derived proxy exhibit
consistent growth dynamics during the nucleation and
growth regime and converge to a comparable plateau.
IMA shows isolated spikes, most prominently near 1500
seconds. The fused estimate does not follow these irreg-
ular excursions and instead yields a smooth, monotonic
trajectory that aligns with the expected crystallization
trend. The discrepancy z-scores in Figure 3 (d) are small
during the steady and slowly evolving periods, and mark-
edly larger during transitional and disturbed regions. This
indicates that the sensors agree well under stable condi-
tions and that disagreements emerge mainly during rapid
changes or localised noise events. Overall, the fused
concentration and size trajectories are smoother, more
physically interpretable and more robust to sensor arte-
facts than any individual signal.

In Case 2, the concentration signals display a
stronger systematic discrepancy than in Case 1, with
FTIR exhibiting an elevated baseline and larger drift
throughout the early and mid stages (Figures 4 (a-d)).
Despite the offset, both sensors follow similar downward
kinetics, allowing the fused concentration to track the
global trend while moderating channel specific bias and
reducing local variance. The discrepancy z-scores re-
main consistently above the statistical threshold, indicat-
ing that the two sensors disagree more persistently than
in Case 1 and signalling limited redundancy within the
concentration pair.

For the particle size, IMA and the FBRM proxy show
broadly similar growth behaviour during the early stage
Ma et al. / LAPSE:2026.0435
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but diverge substantially after the main transition. IMA
provides smoother and more continuous growth, while
the FBRM proxy introduces abrupt fluctuations and inter-
mittent artefacts, resulting in elevated size discrepancy
z-scores across a wider time window. The fused size es-
timate mitigates these inconsistencies by suppressing
FBRM-induced spikes and maintaining a physically co-
herent trajectory. Compared with Case 1, this case
demonstrates higher cross-sensor disagreement and
places greater emphasis on the fusion mechanism’s abil-
ity to reject outliers and stabilise the evolution of both
concentration and size.

3.3 Limitations and Future Perspectives

Although the present framework demonstrates ro-
bustness across heterogeneous PAT signals, several lim-
itations remain. The analysis relies on synthetic scenarios
and may not fully capture the complexity of real sensor
behaviour, particularly long-term drift, chemometric
model degradation, and process-dependent nonlineari-
ties that can reshape the noise structure. In addition, the
current fusion mechanism operates primarily at the signal
level and does not explicitly integrate mechanistic con-
straints or population-balance consistency, which limits
its ability to enforce global physical plausibility under se-
vere sensor failure.

Future developments could incorporate hybrid
physical statistical priors, adaptive drift modelling, and
online reliability learning from historical process batches.
Extending the framework to multivariate spectral do-
mains, image-based morphological descriptors, and
higher-frequency transient events would further enhance
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its applicability to industrial crystallization.

4. CONCLUSIONS

This study developed a machine learning-assisted
fusion framework for achieving reliable and physically co-
herent multimodal PAT monitoring in crystallization pro-
cesses. By combining mechanistically informed data sim-
ulation, variance normalised discrepancy analysis and
Random Forest-based reliability estimation, the method
dynamically adjusts sensor contributions and mitigates
the impact of drift, noise bursts, dropouts and cross-sen-
sor inconsistencies. The physics-guided regularisation
step further constrains the fused concentration and par-
ticle size trajectories to follow thermodynamic relations
and growth-dominated crystallization behaviour.

Across two representative multimodal PAT scenar-
ios, the framework consistently produced smoother,
more interpretable and more robust trajectories than any
individual sensor channel. In cases with mild disagree-
ment, fusion effectively reduced noise and improved lo-
cal consistency, whereas in scenarios with strong base-
line drift or conflicting size measurements, the reliability
model successfully down-weighted degraded sensors
and preserved coherent kinetic trends. These results
demonstrate that reliability-aware fusion can substan-
tially enhance the integrity of multimodal crystallization
monitoring under realistic industrial signal challenges.
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