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Abstract. In this study, a Hiera-UNet model based on online particle pictures is proposed for endpoint recognition in batch
crystallisation. Because of the constant changes in crystal size, boundary clarity, aggregation, blur, lighting, bubbles, and
mother-liquid backdrop during the batch, endpoint detection is challenging. The suggested system reconstructs particle
masks, generates overlapping crystal-region patches, extracts hierarchical morphological characteristics, normalises online
particle frames, and transforms segmentation evidence into temporally smoothed endpoint probability. Particle masks,
morphological labels, illumination disturbance markers, and endpoint windows are supplied, and a simulated picture stream
including 12,600 frames of nucleation, growth, aggregation, near-endpoint, and post-endpoint phases is utilised for
assessment. Hiera-UNet enhanced endpoint accuracy from 87.2% to 94.6%, decreased average endpoint-delay latency from
18.4 s to 7.9 s, and raised the mask Dice score from 0.841 to 0.906 when compared to U-Net, DeeplLabv3+, SegFormer, and
CNN-LSTM baselines. The live monitoring of crystallisation end-points can be supported by hierarchical segmentation,
boundary-aware morphology extraction, and decision smoothing based on the results; however, recipe-specific calibration
and validation using actual probe-image streams are still required.
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Introduction

During batch crystallisation, nucleation, growth, aggregation, dissolution, and shape changes may be seen by
online particle and picture monitoring. Deep learning can learn visual patterns that are challenging to express
with fixed monitoring rules, as demonstrated by LeCun et al. [1], and general computer-vision research [2]
suggests that representation learning lessens reliance on manually created descriptors when object size and
texture change concurrently. Because the goal state is not a single object category, endpoint identification is
more challenging than generic picture categorisation. Aggregation, background clarity, average size, shape
stability, and particle boundary density all fluctuate simultaneously. Additionally, local visual evidence is not
accessible when targets are close together, as in slurry photos from online probes, according to research on
object detection [3]. As a result, the end point model ought to link process-level stage interpretations with pixel-
level crystal data.

The end of crystallisation is often determined by offline sampling, turbidity curves, focused-beam reflectance
trends, and operator expertise. Although the techniques are workable, they could react slowly to slight
variations in the live particle-image stream. Robust visual models should be able to manage illumination, blur,
and form fluctuations, which are typical in online crystallisation pictures with bubbles, partial occlusion, probe-
window reflection, and uneven lighting, according to image augmentation research [4]. Scale variation should
be addressed early on, according to reviews of deep visual models for applied imaging [5]. A little shift in visuals
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might be the result of typical variations since process pictures and industrial anomaly detection share certain
commonalities [6]. Reporting endpoint probability and morphology-based evidence is also supported by
Explainable Al research [7].

Another issue is data management. Online particle imaging is compatible with machine-learning data cleaning
studies and can demonstrate how stream preprocessing impacts downstream dependability [8]. Particle size will
be artificially reduced in a low-exposure picture, and the crystal edges needed for endpoint detection may be
hidden in a blurred frame. Vision Transformer studies [10] have demonstrated that hierarchical context may link
local and global visual information, and computer-vision attention research [9] implies that relevant local regions
should be given greater weight than uniform backdrop areas. These concepts underpin a Hierarchical UNet
architecture that converts online particle pictures into temporally stable endpoint-confidence curves by cleaning,
normalising, segmenting, and transforming them.

This is how the remainder of the paper is structured. In Section 2, hierarchical vision techniques, crystal
segmentation models, and online particle image monitoring are demonstrated. Image-stream creation, Hiera-
UNet multi-scale feature fusion, and endpoint probability calibration are demonstrated in Section 3. The
simulated data, segmentation outcomes, endpoint-recognition performance, ablation analysis, robustness test,
and deployment interpretation are all displayed in Section 4. The method's primary contents and applications
are summarised in Section 5.

Related Work

Online Particle Image Monitoring in Batch Crystallization

Particle population changes, crystal edge development, agglomeration propensity, and slurry-background
fluctuations may all be immediately seen by online particle imaging. Encoder-decoder segmentation [11]
demonstrates that low-level border recovery and high-level semantic context should be coupled, and self-
configuring segmentation work [12] offers a useful reference for adjusting the model structure to image
attributes. This connection is necessary because a little bright spot in the crystallisation picture might represent
a reflection from the probing window, a noise point, or a newly formed crystal. As a result, the monitoring job
should simultaneously have frame-level consistency and local contour sensitivity.

While dense feature reuse [13] shows how intermediate visual patterns may be recycled across network depth,
nested skip-connection models [14] have enhanced fine-structure preservation in segmentation. Since endpoint
evidence typically emerges gradually, these concepts are appropriate for crystal picture streams. It is possible
for the same process to produce huge agglomerates in one location and small particles in another. The model
will be unable to identify the boundary instability end point if it just takes into account the mean particle size.
As a result, a process-image model should concurrently display population density, edge sharpness, shape
distribution, and temporal stability.

Crystal Morphology Segmentation and Endpoint Recognition

The figure will display the degree of crystallisation, allowing for endpoint identification and morphological
segmentation. Schlemper et al. [15] have demonstrated that Selective Focus can improve boundary-sensitive
segmentation performance, and MultiResUNet research [16] has also found that local feature reuse helps
irregular target objects. Agglomerated crystals frequently overlap and can be as big as individual massive
particles. As a result, the segmentation masks should be viewed as proof of an intermediate step rather than
the final findings.

Two approaches to reliable visual representation are residual feature learning [17] and effective backbone
search [18]. Because the late-stage changes are tiny and may only affect a portion of the image, crystallisation
endpoint detection is different from general image categorisation. Multi-scale context can aid in integrating local
boundary information with global image-stage information, according to token-based visual representations [19]
and hierarchical transformer-based visual models [20]. In order to integrate segmentation, morphology
extraction, and endpoint smoothing into a single online recognition framework, the Hiera-UNet architecture was
selected in this study.
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Methodology

Online Particle Image Stream Construction

First, the online particle-image stream is used to create normalised time-window samples. The acquisition time,
weak endpoint label, estimated slurry-density state, probe-illumination status, and morphology-stage
annotation are all associated with each frame. After the input image is transformed into a normalized-intensity
frame, crystal-edge evidence may be compared under various lighting scenarios. Figure 1 depicts the whole
online endpoint recognition procedure for particle image capture and decision output. The process from probe-
image input to normalisation, patch construction, Hiera-UNet segmentation, morphological feature extraction,
endpoint probability, temporal smoothing, and operator-facing output is shown in Figure 1.
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Figure 1. Online particle image endpoint-recognition workflow.
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Here, I, denotes the original online particle frame, while the normalized frame I{ reduces the influence of local
exposure variation. The small constant prevents numerical instability when the frame is nearly uniform. The
normalized image is then divided into overlapping patches so that small nuclei and large agglomerates can be
observed within the same time window.

Xt = {Pt,ll Pt'z, ---:Pt,n} Eq.(z)

The patch set X; keeps local particle structures while preserving the temporal identity of the frame. This
representation is useful because endpoint evidence is not uniformly distributed. Some regions may already show
stable crystals, while other regions still contain evolving particles or blurred edges. The construction therefore
gives the later model access to both local details and stream-level continuity.

Hiera-UNet Multi-scale Feature Fusion

Crystal morphology is extracted using a number of encoders and decoders at various scales. A fine nucleus and
edge detail can be seen at shallow magnification; local clustering and some contour blurring can be seen at
medium magnification; crystal-population order and the background mother-liquid may be seen at high
magnification. Figure 2 displays the endpoint feature-fusion structure and Hiera-UNet segmentation. Skip fusion
combines fine and coarse details, as seen in Figure 2, and the boundary-aware reaction indicates if the crystal
shape is evolving. Particle masks are not the ultimate product; rather, the segmentation quality is linked to the
process-stage recognition.
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Figure 2. Hiera-UNet multi-scale segmentation and feature-fusion structure.

Fy=¢(Fioy 1f) Eq.(3)

The feature map F) represents the response of the Ith hierarchical stage. The mapping function includes
convolutional extraction, normalization, and local attention. Low-level maps are sensitive to crystal edges, while
high-level maps describe morphology layout and crystal population density.

Mt =l/)(F11F21 "'IFL) Eq(4)

The decoder function fuses multi-scale features into the particle mask. Instead of depending only on the deepest
feature map, the model uses skip fusion to recover blurred boundaries. This is important because the boundary
between crystal and mother liquor is often weak near the endpoint.

z, = GAP([F,, M., B;]) Ea.(5)

The vector z, aggregates deep morphology features, predicted particle regions, and boundary cues. This vector
is later used for endpoint recognition. It is deliberately built from both segmentation and image-level features,
because segmentation quality alone cannot fully describe process completion.

Endpoint Probability Calibration and Decision Rule

An instantaneous endpoint probability of the morphological feature vector is produced by the endpoint
recogniser. Because of light flicker, probing disturbance, bubble motion, or brief mixing that may be
misinterpreted for a steady picture, a single frame is not used as the final result. As a result, the probability is
smoothed over a brief period of time, and the endpoint label is only given when the confidence for successive
frames stays over a level chosen for validation. This rule preserves the hierarchical visual evidence produced by
Hiera-UNet, retains a reasonably basic model appropriate for online deployment, and strikes a balance between
early endpoint detection and delayed detection.

pe = oWz, +b) Eq.(6)

The value p, is the instantaneous endpoint confidence. It increases when the crystal mask becomes stable, the
boundary signal becomes less variable, and the morphology feature vector moves toward the learned near-
endpoint state.

Pe = ape + (1 — a)pe—q Eq.(7)

The smoothed confidence reduces false alarms in a noisy image stream. A high value must persist for several
consecutive frames before the batch is classified as reaching the endpoint.
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ye = 1(p: > 1) Eq.(8)

The decision rule produces the final endpoint label. The threshold is selected on the validation set to balance
early warning and delayed recognition. This rule keeps the model simple enough for online deployment while
retaining the hierarchical visual evidence produced by Hiera-UNet.

Experiments and Discussion

Dataset Setting and Crystal Morphology Distribution

The simulated online crystallization image dataset contains 12,600 frames from nucleation, early growth, steady
growth, near-endpoint, and post-endpoint stages. Real-world industrial anomaly data [21] show the need to
address difficult visual cases because normal variations can resemble process faults, and transformer detection
research [22] shows that dense image reasoning benefits from global context when fine nuclei, developing
crystals, and agglomerates appear in one frame. The dataset includes particle masks, endpoint labels,
illumination-disturbance markers, blur categories, and morphology-stage annotations. The dataset
configuration and morphological distribution are shown in Figure 3. Figure 3(a) shows that endpoint windows
are rarer than typical growth-stage frames. Figure 3(b) shows particle-size intervals, Figure 3(c) shows blur-level
categories, and Figure 3(d) shows endpoint-window density across the batch.
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Figure 3. Dataset setting and crystal morphology distribution. (a) Stage proportions. (b) Particle-size intervals. (c) Blur-level categories. (d)
Endpoint-window density.
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As shown in the above pattern, endpoint recognition is not the same as large-crystal detection. Dense loss design
[23] proposes that difficult foreground samples should be given more weight, which is suitable for rare endpoint
windows and unclear particle boundaries. Early growth frames in the simulated data have many fine particles
but weak endpoint evidence, and near-endpoint frames may still contain local mixing disturbances. Image
restoration research [24] aims to retain blur-level information so as not to affect subsequent predictions, and
dehazing studies [25] have shown that background degradation reduces visual reliability. Therefore, the dataset
is designed to determine whether a stable particle mask, boundary consistency and morphology confidence
occur simultaneously near the endpoint.

Sequence-aware division is used in the dataset split. Although neighbouring time frames from the same
simulated batch are not randomly allocated between subsets, 70% of the batches are used for training, 10% for
validation, and 20% for testing. This is not temporal leaking; rather, it happens when a model does well just
because it was trained on almost identical frames. Only the test set is utilised to present the final segmentation
and endpoint-recognition results; the validation set is used to choose the endpoint threshold and smoothing
coefficient. Because a deployed system must handle a fresh batch rather than duplicate an earlier one, this mode
is more similar to practical batch operation.
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Figure 4. Segmentation accuracy and boundary recovery. (a) Dice score. (b) Boundary F1. (c) Mask-area error.

How the results are interpreted is also influenced by the distribution of shapes. When a near-endpoint picture
has tiny bubbles, slurry streaks, or overlapping crystals, a model that works well on clear mid-growth images
could still fail. As a result, the dataset now includes both visually deteriorated and clean frames. The endpoint
label is not based on a particular mask region, but rather on the stability of morphological evidence over a brief
period of time. Although the design will be more useful for online control, it is somewhat challenging to replicate.
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It ascertains if the model has acknowledged that the crystal population is sufficiently stable to justify an end-
point choice. Even if the visible particle population's appearance varies within the same batch, a decent
endpoint-recognition model should still function effectively on the dominating morphological class. Plate-like
crystals are wide reflectors, needle-like crystals have long, thin borders, and clustered crystals are challenging
to separate separately. Agglomerated regions are especially troublesome because, although having an unequal
internal size distribution, they may appear to have completed endpoints. As a result, the figure raises the bar
for model performance: great precision should only be attained when applied to a wide range of forms, densities,
light conditions, and manufacturing phases. As a result, the simulated labels are arranged based on endpoint
states as well as picture classifications. The study also clarifies why the border F1, mask-area error, endpoint
delay, and online warning curves are reported together in the subsequent experiments. Each index prevents the
same accuracy figure from being repeated and represents a specific shortcoming in the dataset.

Endpoint-recognition Performance and Segmentation Comparison

The CNN-LSTM endpoint classifier, U-Net, U-Net++, Deeplabv3+, and SegFormer are compared with the
suggested model. Figure 4 displays boundary recovery and segmentation accuracy. The prediction's Dice
coefficient for general and near-endpoint frames in relation to the reference mask is displayed in Figure 4(a).
The border F1, seen in Figure 4(b), is more susceptible to fuzzy crystal edges and overlapping particles. The mask-
area inaccuracy at various slurry concentrations is shown in Figure 4(c), and incorrect region expansion often
happens. Multi-level visual evidence is advantageous for dense prediction [26], attention blocks can concentrate
on informative crystal areas [27], and research on panoptic segmentation [28] demonstrates that pixel-level
categorisation is not adequate when both object borders and region identities are needed. The Dice coefficients
for Hiera-UNet, U-Net, and SegFormer are 0.906, 0.841, and 0.873, respectively; the border F1 score rose from
0.792 t0 0.861.

Endpoint recognition performance is shown in Figure 5. Figure 5(a) compares endpoint accuracy and clarifies
whether the improvement reflects a better process decision rather than only a cleaner mask. Figure 5(b) reports
endpoint-delay error because a model with high classification accuracy may still be operationally weak if it
recognizes the endpoint too late. The proposed model reaches 94.6% endpoint accuracy and an average
endpoint delay of 7.9 s. Since endpoint windows occupy a small portion of the stream, class-imbalance research
[29] supports special attention to rare endpoint states, and explainability assessment work [30] supports
reporting both delay and accuracy when model output affects process decisions. Transferability research [31]
also helps explain why generic classification backbones may perform poorly in delayed endpoint settings.
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Figure 5. Endpoint-recognition performance. (a) Endpoint accuracy. (b) Endpoint-delay error.
Boundary-sensitive segmentation and temporal smoothing are both required for reliable endpoint recognition.
SegFormer performs well on crisp images, but endpoint delay increases in highly blurred frames. DeeplLabv3+

recovers large crystal regions, but it can lose fine nuclei during early growth transition. Explainable neural-
network studies [32] support connecting model output with interpretable evidence, and contrastive
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representation research [33] supports using compact morphology differences to maintain stage separation. The
proposed approach explains why endpoint probability increases: a successful prediction shows stable mask area,
reduced boundary fluctuation, and high near-endpoint confidence. A visually good mask alone is not enough
because the endpoint is a process state rather than a physical label printed on a single image.
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Figure 6. Ablation study of the endpoint-recognition model. (a) Without skip fusion. (b) Without boundary response. (c) Without temporal
smoothing.

A few failed instances are also instructive. Sometimes, when there are noticeable bubbles near the probe
window in the picture, U-Net misidentifies them as particles and widens the mask area. CNN-LSTM occasionally
forecasts the ending too soon when the picture is extremely dense because the overall texture seems steady
even if the crystal edges are still moving. Hiera-UNet concurrently uses temporal probability smoothing,
boundary response, and mask shape to mitigate the errors. For near-saturation of the frame or abrupt
agglomeration breakdown in the simulated batch, it is still not optimal. These examples suggest that in a real
deployment, probe-state checks should be used in conjunction with the visual endpoint. In order to illustrate
how the model functions in a process-control setting, failure analysis will also be covered in this section. The
circular edges of bubble regions might seem as crystal clusters after reflection, which makes them challenging.
The border branch loses high-frequency information in saturated frames, making them unsuitable for reliable
masking. Another issue is abrupt agglomerate breakdown; once the majority of the batch has been processed,
the picture may momentarily shift away from an endpoint-like structure. These examples show where a vision-
only endpoint recogniser should be backed by probe-state information, illumination diagnostics, or a
straightforward operator confirmation rule rather than invalidating the technique. For noisy but structurally
consistent visual input, the model performs better. For images with ambiguous forms, it is not particularly
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effective. In order to prevent using the model as a "black box" for alerts, this division might be employed in
deployment. Safer operator review is likewise supported by the same difference.

Ablation, Robustness, and Online Deployment Analysis

The ablation study is shown in Figure 6. Figure 6(a) removes hierarchical skip fusion to test whether small crystal
edges can still be recovered without multi-level feature transfer; Dice drops from 0.906 to 0.878 because thin
borders and fine crystals are missed. Figure 6(b) removes the boundary response, increasing endpoint delay by
4.6 s because the endpoint layer loses information about whether particle outlines have stabilized. Figure 6(c)
removes temporal smoothing and produces several early false alarms during mixing disturbances, showing that
a single-frame confidence value is not sufficient for online monitoring. Together, the three subfigures show that
skip fusion preserves fine morphology, boundary response supports endpoint evidence, and smoothing converts
image recognition into stable process monitoring.

Online robustness and deployment are displayed in Figure 7. Figure 7(a) reports endpoint accuracy under
illumination noise and tests whether recognition depends too strongly on ideal imaging conditions. Under
moderate exposure disturbance, the proposed model keeps accuracy above 91.0%, while the CNN-LSTM
baseline remains below 86.0%. Figure 7(b) reports per-frame latency; Hiera-UNet maintains less than 22 ms on
a desktop and less than 61 ms on an industrial edge device, which is necessary for online monitoring. Figure 7(c)
shows an online warning curve connecting numerical endpoint probability with an operator-visible process
signal. Reliable monitoring in disturbed operating environments has been emphasized in practical monitoring
research [34], and broader Al deployment analysis [35] shows that technical models are more useful when they
fit an actual decision process.
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At the endpoint, the deployment value is most visible. Based on the image's categorisation findings, an operator
must then determine whether to halt, hold, or continue the batch. Hiera-UNet produces a boundary-stability
cue, a particle mask, and an endpoint probability curve. The outputs mentioned above will be merged. Examine
the raw picture or probe state instead of making a choice if the endpoint probability is high but the mask contains
bubble artefacts or saturated probe reflections. The endpoint decision gets more support if the probability
steadily rises and the mask remains constant across successive windows. As a result, rather than acting as an
independent batch-halt mechanism, the model will enhance decision-making.

What the model is not for has also been made clear. Do not take the place of laboratory confirmation or
crystallisation expertise. For the end-point judgement, it will offer a uniform image-based helper. The operator
will view the picture stream before taking action if the endpoint probability is high and the mask is still unstable.
It could still be in a development stage with weak edge alterations if the mask remains steady and the likelihood
is still low. Because they isolate segmentation evidence from the ultimate process decision, paired outputs of
this kind are easier to utilise than single alerts. A generic process analytical equipment system for screening and
alarm functions will be the practical application of the concept. Since the boundaries establish a safe-operation
boundary, they are part of the technical contributions. As a result, without calibration for compound type,
imaging geometry, and process recipe, it cannot be utilised as a general-purpose crystallisation controller.
Additionally, it shouldn't be anticipated that it will resolve issues with crystals covered by chronic fouling or
complete saturation of the probe picture. Serving as the visual endpoint for process recognition, connecting with
process analytical technologies, past batch records, and operator judgement would be a more practical use. In
this capacity, the model will extract evidence and eliminate the requirement for ongoing manual picture analysis.
By preserving the period of morphological stabilisation and the decision's confidence, it can also carry out batch-
to-batch comparisons. The programs are still extremely helpful for in-process control and end-of-line monitoring.
This border also explains why discussion figures rather than a single final score are displayed in the study. Poor
particle segmentation, an excessively sensitive reaction to a transient perturbation, a delayed reaction after
reaching the real endpoint, or being too sluggish for the imaging interval are some of the reasons why a model
in online crystallisation might fail. These failure scenarios cannot be distinguished by a single accuracy value.
Each error's location and the model component that fixes it are displayed in figure-based analysis. Because of
this, the suggested approach is more appropriately seen as a comprehensive monitoring plan than as a separate
segmentation model. Image evidence, temporal continuity, end-point interpretation, and traceable batch
supervision are all observable during operation.

Conclusion

In this study, a Hiera-UNet model based on online particle pictures is proposed for endpoint recognition in batch
crystallisation. The technique reconstructs particle masks, creates normalised picture patches from the stream,
extracts hierarchical crystal-morphology characteristics, and estimates endpoint probability via temporal
smoothing. The Design connects segmentation evidence, boundary stability, morphological cues, and process-
stage identification instead of seeing endpoint detection as a single-frame classification problem.

The simulated experiment shows that when compared to U-Net, UNet++, DeeplLabv3+, SegFormer, and CNN-
LSTM baselines, the suggested approach enhances mask Dice, endpoint accuracy, and endpoint-delay stability.
Skip fusion, boundary response, and temporal smoothing all contribute to the ultimate outcome based on the
ablation data. For online batch processing, this actually results in a stable warning curve and a clear particle
mask.

There are still a few restrictions. Real online probe imaging from industrial crystallisation has not yet been
included to the study, which uses simulated endpoint labels. Unusual light, probe fouling, bubbles, saturated
reflections, and compound-specific crystal habits are all possible in a genuine system. Real-world online
microscopy or probe-image streams, recipe-specific calibration, operator-in-the-loop endpoint decisions, and
quality results from later batches will all be used in future work to verify the model. The suggested architecture
is nevertheless a workable method of integrating online particle imaging, hierarchical segmentation, and
endpoint identification for daily process supervision despite the drawbacks.
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