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Non-invasive, continuous monitoring of food bolus transformation during robotic mastication remains a
significant challenge, as existing methods rely on physical extraction of the bolus or single-modality image
features that lack robustness across the continuous and non-linear nature of food breakdown. This paper
investigates whether hybrid machine-extracted image features can reliably classify chewing phases during in
vitro robotic mastication without physical intervention. A hybrid feature-extraction framework is proposed
that integrates deep convolutional features from VGG16 with classical texture descriptors, Grey-Level Co-
occurrence Matrix (GLCM), image lightness, and variance, applied to a dataset of 1024 segmented chewed
biscuit bolus images captured across two chewing trajectories: vertical motion (T1) and combined vertical and
lateral motion (T13). Supervised classifiers, Support Vector Machines, Linear Discriminant Analysis (LDA), and
Random Forests were evaluated using trial-level grouped cross-validation. Using a 3-phase schema conceptually
aligned with the Hutchings and Lillford Mouth Process Model, LDA achieved accuracies of 75.9% for T1
and 82.3% (T13), with the hybrid feature set outperforming the ablation study. Improved separability with
T13 demonstrates that shear effect produces more distinctive bolus image features. The unchewed class was
consistently well separated, while structured misclassification patterns occur mainly between adjacent phases
highlight the challenging nature of the study. These results establish a non-contact, vision-based measurement
framework for classifying bolus evolution as a proof-of-concept foundation for robotic chewing systems.

1. Introduction et al., 2025; Wang et al., 2022). Therefore, non-invasive systems offer

a promising alternative by enabling continuous monitoring of mastica-

Food oral processing is a complex process and food bolus trans-
formation during mastication is critical for efficient digestion, safe
swallowing, sensory perception and research in food and therapeutic
applications. Robotic chewing systems have emerged as valuable tools
for studying food oral processing in controlled environments. Multiple
robotic platforms, including the TriChewer (Wang et al., 2025), iBOMS-
II (Xu et al., 2024), and a 6-axis bionic chewing robot (Zhou and Yu,
2022), among others, have been designed to replicate human mastica-
tion processes. This rapid expansion in the development of biomimetic
oral cavities has highlighted the need for robust and reliable techniques
to evaluate chewed food bolus properties (Mishellany-Dutour et al.,
2011; Chen et al., 2023). Traditional studies, such as extracting the food
bolus from the robotic oral cavity, face challenges in standardisation,
reproducibility, and limitations on the ability to systematically inves-
tigate the complex physical changes that occur during chewing (Ren
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tion, supported by recent advancements in noncontact airflow-induced
deformation and structured light imaging for accurate prediction of
food texture parameters such as shear force and firmness (Hu et al.,
2023).

Image-based analysis has become a standard approach for character-
ising food texture and bolus properties (Zhou and Yu, 2022). Classical
image processing techniques remain valuable, especially for analysing
spatial intensity patterns related to surface roughness, fragmentation,
and structural heterogeneity. Grey-Level Co-occurrence Matrix (GLCM)
based features have been used for image texture characterisation in
various domains, including food analysis (Tournier et al., 2012). It
has effectively characterised food texture between beef and plant-based
burger pattie boluses, showing consistent trends with increasing in vitro
chewing cycles (Akarawita et al., 2024a); however, in that study, bolus
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Nomenclature

Al Artificial intelligence

GLCM Grey-level co-occurrence matrix

LAB CIELAB colour space

LD1, LD2 First and second linear discriminant axes
RF Random forest

SD Standard deviation

TPA Texture profile analysis

T1 Trajectoryl (only vertical motion)

CvV Cross-validation

HSV Hue, saturation, value colour space

LDA Linear discriminant analysis

PCA Principal component analysis

ROI Region of interest

SVM Support vector machine

VGG16 Visual Geometry Group 16-layer convolutional

neural network
T13 Trajectoryl3 (Vertical + lateral motion)

images were acquired by extracting the bolus from the oral cavity after
discrete chewing intervals rather than through continuous in-cavity
monitoring. Lightness, skewness, and intensity variance measurements
have also proven valuable for assessing the saliva content of in vitro
chewed food boluses (Akarawita et al., 2024b) as they capture spatial
relationships between pixel intensities. However, selecting features
that remain robust and interpretable becomes challenging for foods
undergoing large structural transitions from solid to paste or bolus
during mastication, due to the evolving and non-linear nature of food
breakdown. Accurate classification of chewing phases requires an un-
derstanding of the progressive nature of food breakdown, where early
phases involve large-scale fragmentation and later phases focus on
particle size reduction and the integration of saliva. The Mouth Process
Model proposed by Hutchings and Lillford (Hutchings and Lillford,
1988) describes food oral processing as a continuous breakdown path-
way, governed primarily by a reduction in structural integrity and an
increase in lubrication, which progresses over time until a swallowable
bolus is formed. As this transformation occurs along a continuum rather
than in discrete steps, clear boundaries between chewing phases do not
naturally exist.

Recent advancements in computer vision have positioned deep
learning as a powerful tool for tasks requiring complex texture and
structural interpretation. Convolutional Neural Networks (CNNs), with
their ability to learn hierarchical representations, have become central
to estimating the mastication phases of human chewed food boluses
(Nishi et al., 2019). In a recent study, deep learning-based segmentation
techniques such as Mask R-CNN were successfully applied to analyse
food bolus formation and particle changes during in vitro chewing,
demonstrating the feasibility of real-time, non-invasive monitoring of
dynamic texture changes (Ren et al., 2025). Beyond food applica-
tions, computer vision frameworks integrating GLCM-based features,
statistical descriptors, Hough transform features, and feature-reduction
techniques have demonstrated robust performance in challenging envi-
ronmental conditions, with optimised feature subsets achieving high
detection accuracy using Support Vector Machines (SVM) (Li et al.,
2017). CNN models pre-trained on large datasets (e.g., ImageNet)
such as VGG19, ResNet50, and Inception-based architectures have
been adapted via transfer learning for food image recognition and
classification tasks, showing effective performance in discriminating
food categories and features in diverse food image datasets (Bu et al.,
2024). VGG-16 has achieved very high accuracy in classifying rice
varieties based on colour and texture features, using a customised
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model with additional fully connected layers (Ishaq et al., 2025). Fur-
thermore, studies indicate that combining VGG16 features with SVM
often outperforms VGG16 with SoftMax classifiers for texture analysis
(Priya et al., 2021). Extending in this line of research, Hassan et al.
(2025) proposes a novel hybrid deep learning model that integrates
automated deep features with statistical textural descriptors (GLCM) for
the classification of 3 Neurological disorders from Magnetic Resonance
Images. This hybrid approach has captured global patterns and fine-
grained textural details, for accurate and reliable image classification.
Collectively, these studies indicate that improved classification perfor-
mance can be achieved by combining CNN-based image segmentation
with classical segmentation and feature-extraction methods, enhancing
feature robustness in visually complex biological materials (Qadri
et al., 2024) and thereby, motivating hybrid deep learning models for
real-time analysis of mastication processes.

Grounded in the Hutchings and Lillford Mouth Process Model
(Hutchings and Lillford, 1988), which describes oral processing as a
progressive and continuous transformation involving structural break-
down and lubrication, this study adopts the model as a conceptual
framework and uses chew-count-based experimental stages to repre-
sent bolus transformation during robotic mastication. Specifically, the
bolus images are classified into four neutral chewing-stage categories:
unchewed state, initial, mid, and final chews, corresponding to 0, 1-5,
6-10, and 11-15 chewing cycles, respectively. The novelty of this study
lies in the engineering integration of robotic mastication, cycle-based
image acquisition, and machine vision-based classification for moni-
toring bolus transformation. This paper proposes a feature-extraction
framework that integrates deep convolutional features from VGG16
with classical descriptors, including GLCM, lightness, and variance,
to classify chew-count-based stages of in vitro mastication across two
chewing trajectories. The primary classification scheme comprises three
chewing phases and additionally a finer four-class partition based on
equal-interval chew-count groupings is examined as an exploratory
benchmark to probe the limits of image-based phase discrimination at
higher resolution.

2. Methodology
2.1. Vision system

The experiments to generate food bolus were performed using a
biomimetic masticating robot with a three-degree-of-freedom (DOF)
linkage mechanism with an artificial cavity (Chen et al., 2022). The
overall experimental setup and the robotic chewing system are illus-
trated in Fig. 1. The imaging setup consists of a Raspberry Pi HQ cam-
era. It captures images at a resolution of 2.1 megapixels (1920 x 1080
pixels). Given the camera-to-bolus distance of approximately 10 cm
and the 6 mm lens configuration, the effective field of view covering
the oral cavity region is approximately 30-35 mm in width, yielding
a spatial resolution of approximately 0.016-0.018 mm per pixel. This
spatial resolution is appropriate for capturing bolus structural changes,
which typically occur at millimetre to sub-millimetre scales in in-
vitro oral processing studies (Marconati and Ramaioli, 2020). The
LED ring light strip operates under constant-current drive, providing
stable illumination without flicker or significant thermal drift across the
duration of each experimental trial. The camera and lighting assembly
are rigidly fixed relative to the oral cavity, and all image frames are
captured at the moment of maximum jaw opening, ensuring consistent
geometric and illumination conditions across acquisitions (Akarawita
et al.,, 2025). The vision system acquires high-quality images of the
bolus as chewing progresses. This configuration supports the capture
of fine-grained textural and structural variations associated with food
breakdown.
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Fig. 2. T1 and T13 trajectories (Chen et al., 2022).

2.2. Dataset description

The dataset consists of segmented images of food boluses generated
during controlled robotic chewing experiments. Artificial saliva was
replicated using an enzyme-active mouthwash (Oral7, 2025), intro-
duced at a controlled flow rate of 1 ml/min using a syring pump and a
chewing rate of 3s. The use of such saliva substitutes has been explored
in previous work to assess their role in altering the mineral content of
dental enamel (Kielbassa et al., 2001). The robotic chewing platform
enables precise and repeatable control of chewing parameters, ensuring
consistency across trials and allowing systematic analysis of how dif-
ferent motion patterns influence particle fragmentation, size reduction,
and bolus formation. A standardised food sample of 1 g biscuit (Maliban
Biscuit Manufactories (Pvt) Ltd., 2026), as shown in Fig. 1, was selected
due to its uniform initial structure and repeatability across trials. Two
distinct chewing trajectories were examined to capture variations in
chewing kinematics (Chen et al., 2022): Trajectory T1, which involves
purely vertical motion and represents simple compression-based chew-
ing, and Trajectory T13, which combines vertical motion with shear
forces to represent more complex grinding mastication patterns as
shown in Fig. 2. For each trajectory, 512 images were collected across
32 replicate chewing trials, each conducted with a fresh 1 g biscuit
sample and a fully reset artificial saliva delivery system. Each trial
contributed 16 images corresponding to the unchewed state and 15
successive chewing cycles. Since each image originates from a distinct
independent trial, the assumption underlying 5-fold grouped-stratified
cross-validation is satisfied. All 512 images were used in model evalua-
tion through 5-fold group-stratified cross-validation, where predictions
were generated for every image exactly once when it appeared in the
held-out fold, ensuring that performance metrics are computed over the
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Fig. 3. A segmented image using SAM2 to isolate food bolus.

Table 1
Three-phase chewing interpretation.
Chew count class Operational description Nominal
cumulative

saliva (ml)

Unchewed High structural integrity, no 0
lubrication
Initial/Mid Early fracture and 0.05-0.50
(1 to 10) progressive fragmentation
with increasing lubrication
Final Bolus formation 0.55-0.75
(11 to 15)

full dataset. Image pre-processing was performed to standardise input
data and prepare images for feature extraction. The pre-processing
pipeline included image segmentation, where images were segmented
using the Segment Anything Model 2 (SAM2) (Ravi et al., 2024) to
isolate the food bolus from background elements as shown in Fig. 3.
SAM2 was selected for bolus segmentation due to its state-of-the-art
segmentation capability, validated across diverse object categories in
the original publication. In this setup, the food bolus presents as a
visually distinct object against the blue silicone oral cavity background,
representing a well-defined foreground-background contrast that is
well-suited to SAM2’s segmentation approach. All segmented images
were visually inspected, and any frames exhibiting failed or incomplete
segmentations were excluded from the dataset prior to feature extrac-
tion. This step ensured feature extraction focused solely on the food
material, reducing noise from the robotic system components.

These images were initially grouped into three. The three-class
phase is defined as the primary classification: (1) the pre-processing
state, where the food retains full structural integrity and no lubrication
has occurred; (2) the active breakdown state, where mechanical frag-
mentation dominates and saliva is being progressively incorporated;
and (3) the final ready state, where structural disintegration is complete
and lubrication is sufficient for safe swallow. These categories describe
controlled chewing progression and do not imply experimentally vali-
dated physiological transitions. The three-class phases is summarised in
Table 1. To further investigate the discriminability, a finer granularity
of four-class partition was defined using equal-interval groupings of five
chews each across the 15-chew cycle robotic sequence as summarised
in Table 2. At a cycle duration of 3 s and a delivery rate of 1 mL/min,
the nominal cumulative volume delivered by cycle n is 0.05n mL.
Representative images from each chewing phase of the four chew
phases for T1, T13 trajectories are shown in Fig. 4.

2.3. Feature extraction

A hybrid feature extraction approach was employed, combining
deep learning-based features and classical image descriptors to capture
both high-level structural patterns and low-level texture characteris-
tics of the chewed food bolus. Deep features were extracted using
a convolutional neural network to represent complex visual patterns
associated with bolus morphology, while classical features quantified
statistical texture and intensity variations related to surface roughness
and saliva distribution. All features were extracted exclusively from the
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Fig. 4. Progression of food bolus deformation during robotic chewing under
Trajectory 1 and Trajectory 13, from unchewed state to swallowable bolus.

Table 2
Four-phase chewing: based on equal chew-count intervals for finer analysis of
bolus transformation.

Nominal
cumulative
saliva (ml)

Chew count class Operational description

Unchewed High structural integrity, no 0
lubrication
Initial Early fracture and particle 0.05-0.25
(1to5) generation
Mid Progressive fragmentation 0.30-0.50
(6 to 10) with increasing lubrication
and particle aggregation
Final Bolus formation 0.55-0.75
(11 to 15)

segmented food bolus region to minimise background influence and
improve classification accuracy.

2.3.1. Deep learning features

Critically, image-based classification of food bolus transformation
during in-vitro robotic mastication represents a novel and emerging
research area, with very limited prior literature providing guidance
on optimal deep learning backbone selection for this specific task.
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However, VGG16 was selected as a representative pretrained CNN and
for several domain specific and practical reasons. First, its uniform
stack of 3 x 3 convolutional filters captures fine-grained local texture
patterns particularly effectively, unlike architectures such as ResNet
or EfficientNet, whose residual connections and compound scaling are
optimised for object-level semantic discrimination rather than low-
level texture encoding (Rani et al., 2025). Second, the fully connected
layers of VGG16 produce a fixed 512-dimensional feature vector that
is straightforward to concatenate with low-dimensional classical de-
scriptors (GLCM, lightness, variance), making it particularly compatible
with the hybrid fusion pipeline employed here; by contrast, ResNet and
EfficientNet require custom global average pooling strategies to yield
equivalent fixed-length representations (Addisu et al., 2025). Third,
VGG16 has been shown to be a reliable and high-performing feature
extractor for small, domain-specific image datasets under transfer learn-
ing, where its relatively simple and interpretable architecture reduces
the risk of overfitting compared to deeper architectures with more
complex connectivity (Bakasa and Viriri, 2023). This is an important
consideration given that the present dataset comprises 512 images per
trajectory.

VGG16 (Simonyan and Zisserman, 2014), pre-trained on ImageNet,
was used to extract deep features from the images. The segmented im-
ages were resized to 224 x 224 pixels using an aspect-ratio-preserving
strategy, where each image was first scaled such that its longest di-
mension was resized to 224 pixels while maintaining the original
width-to-height ratio, with zero-padding applied symmetrically to the
shorter dimension only. This ensures the bolus occupies the maxi-
mum possible proportion of the input canvas, with padding confined
to narrow symmetric borders. Since SAM2 produces tightly cropped
segmented images with background pixels already masked to zero,
the bolus occupies the dominant portion of the resized canvas across
all chewing phases, minimising the extent of black background in-
troduced. The extracted VGG16 features were L2-normalised prior to
fusion with classical descriptors, which standardises feature vector
magnitude across samples.

2.3.2. Classical image features

To complement deep learning features, three categories of classical
descriptors were extracted. First, texture properties were captured using
GLCM analysis, computing three key metrics (Zubair and Alo, 2024):
Energy, which reflects texture uniformity; Homogeneity, indicating the
closeness of element distribution to the diagonal; and Dissimilarity,
measuring variation between pixel pairs. Second, mean lightness values
were derived from the L channel of the LAB colour space, providing in-
sights into overall brightness, which is a factor correlated with moisture
content and particle size (Akarawita et al., 2024b). Finally, intensity
variance was calculated to quantify texture heterogeneity, revealing
the degree of particle size variation and mixing within the bolus.
The extracted features were concatenated to form a 517-dimensional
feature vector, as shown in Fig. 5. This fusion strategy combines
the hierarchical representations from deep learning with interpretable
texture descriptors from classical methods.

2.4. Feature normalisation and ablation study

Before classification, features were standardised using a Standard-
Scaler, which centres each feature to zero mean and scales it to unit
variance across the dataset. This normalisation ensures that features
from different sources and scales contribute equally to subsequent anal-
ysis. Principal Component Analysis (PCA) was then applied to reduce
dimensionality while retaining 95% of the total variance, reducing
computational complexity and helping mitigate overfitting, particularly
important when dealing with relatively small datasets (Bian et al.,
2022). Model evaluation was performed using trial-grouped stratified
cross-validation, where all images originating from the same chew-
ing trial were assigned to the same fold. The overall methodology is
represented as a flow chart in Fig. 6.
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Fig. 5. VGG16-based feature extraction fused with classical features.

To evaluate the contribution of each feature group to classification
performance, a formal ablation study was conducted comparing three
feature configurations: (1) Classical-only, comprising GLCM energy,
homogeneity and dissimilarity, mean lightness, and intensity variance
(5-D); (2) VGG16-only, comprising the deep features extracted from the
penultimate VGG16 layer (512-D); and (3) Full Hybrid, the concatena-
tion of both feature groups (517-D). Each configuration was processed
and evaluated through the same pipeline. This controlled design en-
sures that observed accuracy differences are attributable solely to the
feature content, not to differences in pipeline design or hyperparameter
tuning.

2.5. Classification models

Classification of sequential or progressive phases is a common chal-
lenge in food science and robotics. Traditional machine learning ap-
proaches, including SVM, Linear Discriminant Analysis (LDA), and
Random Forest (RF) methods, have been successfully applied to food
texture classification tasks (Jiménez-Carvelo et al., 2019). These three
classifiers were selected to represent a complementary range of decision
boundary strategies: linear (LDA), kernel-based (SVM), and ensemble
tree-based (RF), which is a standard practice in machine learning
benchmarks for multi-class image classification problems involving
high-dimensional features (Syarief and Setiawan, 2020).

2.6. Hyperparameter tuning

To ensure a fair and rigorous comparison across classifiers and ker-
nel functions, hyperparameters for SVM, LDA, and RF were tuned using
a systematic nested cross-validation strategy. An inner 5-fold strati-
fied grouped cross-validation loop was applied within the full hybrid
feature space (517-D) to search over the predefined hyperparameter
grid. The configuration yielding the highest mean inner-validation
accuracy was selected and then evaluated on the held-out trial groups
in the outer cross-validation loop. For SVM, three kernel functions
were included in the search space simultaneously, ensuring that kernel
selection itself was data-driven rather than assumed. The parameter
grid is summarised in Table 3. For RF, the search covered the number
of estimators, tree depth, minimum samples per split and leaf, and the
maximum feature subset considered at each split, as summarised in
Table 4. The class weight parameter was fixed to balanced for both SVM
and RF throughout all experiments to account for class imbalance. For
LDA, the solver, tolerance, and shrinkage parameters were included in
the hyperparameter search space as in Table 5.

2.7. Evaluation methodology

Model evaluation was performed using a 5-fold stratified grouped
cross-validation framework. In this approach, all images from the same
chewing trial were kept within the same fold, ensuring that samples
from a given trial did not appear simultaneously in the training and
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Table 3
Hyperparameter search space for SVM classification.

Hyperparameter Values tested

Kernel rbf, polynomial, sigmoid
Regularisation C 0.01, 0.1, 1, 5, 10

Gamma scale, auto, 0.0001, 0.001, 0.01
Polynomial degree 2,3

Coefficient -1.0, 0.0, 0.5, 1.0, 2.0

Class weight balanced

Table 4
Hyperparameter search space for RF classification.

Hyperparameter Values tested
Number of trees, n_estimators 100, 200, 300
Maximum tree depth, max_depth 5, 10, 20
Minimum samples for split 2,5,10
Minimum samples per leaf 4,8, 16
Maximum features sqrt, log2, 0.5
Class weight balanced

Table 5
Hyperparameter search space for LDA classification.

Hyperparameter Values tested

Solver svd, Isqr, eigen
Tolerance, tol 1074, 1073, 102
Shrinkage None, auto, 0.01, 0.1, 0.3, 0.5, 0.7, 0.9

validation sets. This provided a stricter assessment of model generali-
sation to unseen chewing trials while maintaining class balance across
folds where possible.

To prevent data leakage, all preprocessing steps, including stan-
dardisation and PCA-based dimensionality reduction, were embedded
within scikit-learn Pipelines and fitted only on the training data of each
fold. Hyperparameter tuning for LDA, SVM, and RF was performed
using an inner 5-fold stratified grouped cross-validation loop, forming
a nested cross-validation setup. The best hyperparameter configuration
was selected based on the mean inner-validation balanced accuracy and
then evaluated on the held-out trial groups in the outer fold.

Overall accuracy was presented as mean + standard deviation,
together with the 95% confidence interval. Confusion matrices and
class-wise precision, recall, and Fl-scores were computed from the
held-out predictions across all folds. For visual interpretation only, LDA
was used to project the feature space into two dimensions to examine
class separability and misclassification patterns.

3. Results
3.1. 3-Phase classification performance

The 3-phase classification results for trajectories T1 and T13 are
summarised in Table 6. Following the trial-grouped cross-validation
evaluation, LDA achieved the highest mean accuracy for both trajec-
tories, with 75.9% for T1 and 82.3% for T13. SVM showed comparable
performance, particularly for T1, while RF produced the lowest mean
accuracy among the three classifiers. Across all models, T13 achieved
higher accuracy than T1, suggesting that the additional shear com-
ponent in the T13 trajectory improved feature separability between
chewing phases.

Detailed class-wise performance for the best-performing 3-phase
model is presented in Table 7. For T1, the Unchewed class is clearly
differentiated (precision, recall, and F1-score of 1.000), while moder-
ate confusion is observed between the Initial/Mid and Final classes,
reflected in F1-scores. The macro-average F1-score of 0.8861 indicates
balanced performance across classes, whereas the weighted average
0.8373 reflects the influence of class imbalance.
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Fig. 6. Methodology flowchart illustrating feature extraction, feature fusion, trial-grouped cross-validation, dimensionality reduction, and classifier evaluation.

Table 6 Table 7
Model performance for 3-phase chewing classification. Class-wise evaluation metrics for the best LDA 3-phase model.
Model T1 T13 (a) Trajectory T1
Mean+SD 95% CI Mean+SD 95% CI Class Precision Recall F1-score Support
LDA 75.9 + 5.5% 69%-83% 82.3 + 1.7% 77%-87% T1Unchewed 1.0000 1.0000 1.0000 32
SVM 75.6 + 2.7% 72%-79% 81.0 + 2.1% 73%-89% T1Initial/Mid 0.8031 0.8156 0.8093 320
RF 73.7 + 5.5% 67%-81% 78.0 + 5.4% 73%-83% T1Final 0.6194 0.6000 0.6095 160
Macro Avg 0.8075 0.8052 0.8063 512
Weighted Avg 0.7580 0.7598 0.7588 512
For T13, improved separability between classes is observed. Al- (b) Trajectory T13
though the Unchewed class shows a slight reduction, the Initial/Mid Class Precision Recall F1-score Support
and Final classes achieve comparable higher Fl-scores. The macro- T13Unchewed 0.9688 0.9688 0.9688 32
average F1-score increased from 0.8063 for T1 to 0.8517 for T13, while T13Initial/Mid 0.8706 0.8406 0.8553 320
the weighted-average F1-score increased from 0.7588 to 0.8236. These T13Final 07076 0.7562 07311 160
results indicate that the T13 trajectory provides more discriminative Macro Avg 0.8490 0.8552 0.8517 512
Weighted Avg 0.8258 0.8223 0.8236 512

visual features for distinguishing progressive chewing phases, although
some overlap remains between adjacent chewed classes.

3.2. 3-Phase confusion matrix analysis

Table 8 presents the confusion matrices for the 3-phase chewing
phase classification for trajectories T1 and T13. For trajectory T1, the
Unchewed class was classified without error, with all 32 samples cor-
rectly identified. The main source of misclassification occurred between
the Initial/Mid and Final classes. Specifically, 59 Initial/Mid samples
were misclassified as Final, while 64 Final samples were misclassi-
fied as Initial/Mid. This indicates considerable overlap between the

two chewed phases under the T1 trajectory. For trajectory T13, the
Unchewed class also showed strong separability, with 31 out of 32
samples correctly classified. Compared with T1, confusion between the
Initial/Mid and Final classes was reduced, with 50 Initial/Mid samples
misclassified as Final and 39 Final samples misclassified as Initial/Mid.
The number of correctly classified Final samples also increased from 96
for T1 to 121 for T13. These results suggest that the inclusion of shear
motion in T13 improves discrimination between progressive chew-
ing phases. Overall, most errors occurred between adjacent chewed
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Table 8
Confusion matrices for 3-phase chewing classification.
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Table 10
Class-wise evaluation metrics for the best 4-phase model.

(a) Trajectory T1

(a) Trajectory T1

True/Pred Unchewed Initial Final Class Precision Recall Fl-score Support
Mid T1Unchewed 1.0000 1.0000 1.0000 32
Unchewed 32 0 0 T1Initial chews 0.7260 0.6625 0.6928 160
Initial 0 261 59 T1Mid chews 0.5160 0.6062 0.5575 160
Final 0 64 96 T1Final 0.6644 0.6062 0.6340 160
(b) Trajectory T13 Macro Avg 0.7266 0.7188 0.7211 512
True/Pred Unchewed Initial Final Welghted Avg 06582 06484 o651 o2
T Wi
Mid (b) Trajectory T13
Unchewed 31 1 0 Class Precision Recall F1-score Support
Initial 1 269 50 T13Unchewed 0.9688 0.9688 0.9688 32
Final 0 39 121 T13Initial chews 0.7801 0.6875 0.7309 160
T13Mid chews 0.5272 0.6062 0.5640 160
Table 9 T13Final 0.7161 0.6937 0.7048 160
Model performance for 4-phase chewing phase classification. Macro Avg 0.7480 0.7391 0.7421 512
Model =y 13 Weighted Avg 0.6929 0.6816 0.6854 512
ode.
Mean+SD 95% CI Mean+SD 95% CI
LDA 64.7 = 4.6% 59%-70% 68.2 + 1.5% 66%-70% Table 11 ) ) o
SVM 62.8 + 4.1% 58%-68% 66.8 + 3.9% 62%—72% Confusion matrices for 4-phase chewing phase classification.
RF 58.1 + 5.6% 51%-65% 61.5 + 3.4% 57%-66% (a) Trajectory T1
True/Pred Unchewed Initial Mid Final
Unchewed 32 0 0 0
classes, rather than between non-adjacent, reflecting the continuous Il\]/};gal 8 226 ;; ;14,2
and transitional nature of bolus transformation during mastication. Final o 16 47 o7
e b) Trajectory T1
3.3. 4-Phase classification performance (b) Trajectory T13
True/Pred Unchewed Initial Mid Final
The classification performance for the 4-phase chewing model is Unchewed 31 1 0 0
presented in Table 9. Compared with the 3-phase formulation, all Eﬁgal (1) ééo 33 28
models showed lower accuracy, reflecting the increased difficulty of Final 0 5 44 111
separating chewing progression into finer phase categories. For both
trajectories, LDA achieved the highest mean accuracy, with 64.7% for
T1 and 68.2% for T13. SVM showed comparable performance, while Table 12 o
RF produced the lowest accuracy for T1 Ablation study: LDA classification accuracy (Mean + Std, 5-fold CV).
Consistent with the 3-phase results, trajectory T13 generally showed Config 'glph ;lp3h leh lefh
better classification performance than T1, suggesting that the inclusion : .
L s Classica 63 + 8% 79 + 3% 56 + 4% 61 + 3%
of shear motion improves feature separat).lllt.y. However, the reduced VGG16 75 £ 8% 82 £ 5% 62 £ 7% 65 + 2%
accuracy compared with the 3-phase case indicates greater overlap be- Hybrid 76 + 6% 82 + 5% 65 + 5% 68 + 2%

tween adjacent chewing phases when the classification task is defined
with finer granularity.

Class-wise evaluation of the best-performing 4-phase model is shown
in Table 10. For both trajectories, the Unchewed class remained highly
separable, with Fl-scores of 1 for T1 and 0.9688 for T13. In contrast,
the Initial Chews, Mid Chews, and Final classes showed lower F1-scores,
indicating increased confusion among neighbouring chewed phases.
The macro-average Fl-score increased from 0.7211 for T1 to 0.7421
for T13, confirming a modest improvement for the shear-assisted tra-
jectory. Overall, these results indicate that chewing phase classification
becomes more challenging as the number of phase categories increases,
mainly due to overlap between adjacent transitional stages.

3.4. 4-Phase confusion matrix analysis

Table 11 presents the confusion matrices for the 4-phase chewing
classification for trajectories T1 and T13. For both trajectories, the
Unchewed class was classified with minimal error, confirming clear
separability from the chewed phases. For trajectory T1, most errors
occurred between neighbouring chewed phases. Initial samples were
mainly misclassified as Mid, while Mid and Final samples showed
mutual confusion. In particular, 47 Final samples were misclassified as
Mid, indicating overlap between later chewing stages. For trajectory
T13, a similar pattern was observed; however, the Final class showed
improved classification, with 111 correctly classified samples compared

with 97 for T1. Misclassifications remained concentrated between Ini-
tial, Mid, and Final phases. Overall, the confusion matrices highlight
that errors predominantly occur between neighbouring phases, rather
than between non-adjacent classes.

3.5. Ablation study

The ablation study results in Table 12 present the mean classi-
fication accuracy and standard deviation for each feature configura-
tion under 5-fold cross-validation. Classical features alone achieved
moderate classification performance, classical features contain useful
discriminative information. The VGG16-only configuration generally
improved performance compared with classical features alone, particu-
larly for the T1 3-phase and T1 4-phase settings. The Hybrid feature
configuration achieved the highest or joint-highest accuracy across
all configurations. Compared with VGG16-only features, the Hybrid
model improved accuracy by 1% for T1 3-phase, matched the T13 3-
phase accuracy while reducing variability, and improved the 4-phase
classification accuracy by 3% for both T1 and T13. These results suggest
that classical image features provide complementary information to
deep features, particularly when the classification task becomes more
granular.
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Table 13
Best LDA hyperparameters identified via grid search.
Setting Solver Shrinkage
T1 4-class Isqr 0.7
T1 3-class Isqr 0.7
T13 4-class Isqr 0.1
T13 3-class Isqr 0.9

3.6. Best hyperparameters

The best LDA hyperparameters identified through grid search are
reported in Table 13. Across all trajectory and classification settings,
the least-squares solver (lsqr) was selected. The optimal shrinkage
value varied between settings and tolerance was not applicable for the
selected Isqr solver.

3.7. Dimensionality reduction visualisation

LDA-based two-dimensional visualisations were used to examine
class separability patterns for trajectories T1 and T13. Fig. 7 shows
the 3-phase classification, while Fig. 8 shows the 4-phase classification.
These plots were used for visual interpretation only; model perfor-
mance was evaluated using the trial-grouped cross-validation results
reported in the previous sections. Each point is coloured according
to its true chewing-phase label. Coloured decision regions indicate
which class the model would predict at each location in the LD1-LD2
plane. For the 3-phase and 4-phase classifications, the Unchewed class
formed a clearly separated cluster for both T1 and T13, confirming
strong visual distinction between unchewed and chewed bolus states.
In 4-phase classifications the Initial/Mid and Final classes showed
partial overlap, indicating that the transition between chewed phases
is gradual rather than sharply separated. This overlap was lower for
T13, suggesting that the addition of shear motion improves feature
dispersion between progressive chewing stages. For the 4-phase classi-
fication, greater overlap was observed among the Initial, Mid, and Final
classes. This agrees with the lower classification accuracy obtained for
the finer phase formulation. The Unchewed class remained clearly sep-
arated, while most ambiguity occurred among adjacent chewed phases.
Overall, the LDA projections support the confusion matrix results,
showing that classification errors mainly arise from the continuous and
transitional nature of bolus breakdown rather than confusion between
non-adjacent phases. This pattern reflects the progression pattern of the
Mouth Process Model proposed by Hutchings and Lillford (Hutchings
and Lillford, 1988), in which food undergoes continuous structural
breakdown and lubrication rather than discrete phase changes. The
observed class overlap reflects the gradual and continuous nature of
food breakdown, where similar texture patterns make it inherently
challenging to achieve clear separation, although it may also be influ-
enced by the way the chew-count-based class labels were defined or
the insufficient discriminative information in the dataset. As artificial
saliva is introduced at a controlled rate, lubrication evolves systemati-
cally alongside mechanical breakdown. This systematic co-evolution of
mechanical changes provides a basis for tentatively associating the LDA
axes.

4. Discussion
4.1. Phase classification performance

The results show that hybrid image features can discriminate robot-
generated bolus states under a trial-grouped cross-validation frame-
work. For the 3-phase classification, LDA achieved the highest mean
accuracy for both trajectories, with 75.9% for T1 and 82.3% for T13.
The improved performance for T13 in 3-phase, 4- phase, and all clas-
sifiers suggests that the additional shear component produces more
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Fig. 7. Plots (a) and (b) represents the LDA projection of segmented bolus
images across the three chewing phases.

distinctive visual changes during bolus transformation compared with
purely vertical compression.

Across both trajectories, the Unchewed class was clearly separated
from the chewed classes, confirming that intact biscuit samples have
distinct image characteristics. Most misclassifications occurred between
adjacent chewed phases, particularly between Initial/Mid and Final,
rather than non adjacent phases. This indicates that the visual transition
between later chewing stages is gradual and overlapping, and not
sharply separated.

The 4-phase classification showed lower accuracy than the 3-phase
formulation, with best accuracies of 64.7% for T1 and 68.2% for T13.
This reduction is expected because finer phase divisions increase over-
lap between neighbouring chewing stages. The Initial, Mid, and Final
classes showed greater mutual confusion, while the Unchewed class
remained highly separable. Therefore, the 4-phase results suggest that
the proposed framework captures meaningful image-based progression
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Fig. 8. Plots (a) and (b) represents the LDA projection of segmented bolus im-
ages across the five chewing phases. The distribution conceptually reflects the
progression consistent with the Mouth Process Model proposed by Hutchings
and Lillford, where oral processing involve gradual structural breakdown and
increasing lubrication towards swallowability (Hutchings and Lillford, 1988).

during robotic mastication, but also highlight the difficulty of assigning
discrete labels to a continuous bolus transformation process.

The LDA visualisations support these findings by showing clear sep-
aration between unchewed and chewed samples, together with overlap
among adjacent chewed phases. However, the LDA axes are interpreted
only as mathematical projections of the image-derived feature space
and not as direct physiological variables. Future work should validate
these image-based phase distinctions against independent measure-
ments of bolus mechanical properties, lubrication, or swallowability.

4.2. Effect of chewing trajectory

Across all classifiers and both phase-count configurations, trajec-
tory T13 consistently outperforms T1, with improved mean accuracy
and reduced standard deviation. This pattern strongly suggests that
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the inclusion of shear motion in T13 generates more discriminative
textural changes in the bolus compared to purely vertical compression
in T1. Shear forces introduce additional mechanical actions with lateral
spreading, grinding, and particle redistribution, that produce more
distinct morphological and surface texture transformations at each
chewing stage. The LDA decision boundaries overlaid in Figs. 7 and 8
provide a visual illustration of the classifier’s separation strategy in the
projected two-dimensional space. It should be noted that these overlaid
boundaries serve as an illustrative purpose and not as a quantitative
evidence beyond what is already reported in the accuracy metrics.
Across both 3-phase and 5-phase classifications, T13 exhibits broader
class dispersion and more distinct cluster formation, particularly for
the Final grouping. The emergence of a well-separated final cluster
under T13 suggests that shear-enhanced mastication produces a bolus
state with sufficiently distinctive textural characteristics to be reliably
identified by the classifier.

4.3. Contribution of hybrid feature fusion

The ablation study shown in Table 12 provides direct and system-
atic evidence for the complementary roles of deep and classical fea-
tures. Classical features alone achieve substantial standalone accuracy,
confirming that GLCM texture metrics, mean lightness, and intensity
variance encode physiologically meaningful information about bolus
state. This is consistent with prior work Akarawita et al. (2024a,b)
which established these descriptors as effective indicators of bolus tex-
ture and moisture content in vitro chewing experiments of a different
food type. VGG16 features carry the dominant discriminative signal,
reflecting the network’s capacity to encode complex global structural
patterns associated with bolus fragmentation, deformation, and surface
morphology under transfer learning. Critically, the full hybrid configu-
ration consistently and systematically outperforms VGG16 or classical
features alone, across both trajectories and both phase-count settings
in ways that improve classification reliability, particularly in the more
challenging 4-phase setting.

4.4. Classifier behaviour

The trial-grouped nested cross-validation results showed that LDA
achieved the best overall performance across both trajectories and both
phase formulations. This suggests that, after standardisation and PCA-
based dimensionality reduction, the main separation between chewing
phases can be captured effectively using linear discriminant bound-
aries. The selected LDA configurations consistently used the lsqr solver
with shrinkage, indicating that regularisation was beneficial for sta-
bilising classification in the relatively high-dimensional feature space.
SVM produced comparable results but did not exceed LDA, while RF
generally showed lower accuracy, suggesting that tree-based ensemble
modelling was less effective for the available dataset and feature repre-
sentation. Overall, the results indicate that a regularised linear classifier
provides an interpretable approach for chewing phase classification
under the grouped cross-validation framework.

5. Conclusion

This study developed a non-contact, hybrid vision-based framework
for classifying chew count-based bolus states during bioinspired robotic
mastication. The framework used a dataset of 1024 images and trial-
level grouped nested cross-validation to compare LDA, SVM, and RF
classifiers under the same hybrid feature space. Using the 3-phase
schema conceptually grounded in the Hutchings and Lillford Mouth
Process Model, the best-performing LDA achieved accuracies of 75.9%
for T1 and 82.3% for T13, and 4-phase accuracies of 64.7% for T1
and 68.2% for T13. Across both phase formulations and all three
classifiers, the T13 generally improved classification performance com-
pared with the T1, suggesting that combined vertical-lateral motion
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produced more discriminative image features during bolus transfor-
mation. The Unchewed class was consistently well separated from
chewed samples, while most errors occurred between adjacent chewed
phases rather than non adjacent phases. This indicate that finer chew-
count-based phase separation remains challenging. The ablation results
further showed that combining VGG16-derived features with classi-
cal descriptors provided the joint-best performance across the tested
settings. This suggests that the two feature groups provide complemen-
tary information for image-based bolus monitoring. Overall, the pro-
posed framework provides a reproducible framework for non-contact
monitoring of bolus transformation under controlled robotic mastica-
tion. Future work should extend the framework to larger experimental
datasets, additional food types, real-time implementation, alternative
deep learning backbones, and independent rheological measurements
to strengthen the link between image-derived predictions and physical
bolus properties.
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