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Abstract We present a low-cost, camera-based
tactile sensor that leverages the photoelastic
effect—interference fringes that appear under
stress—to estimate contact force, position, and
shape. Each fringe image is recorded at 50Hz
and processed by a multi-task neural network that
predicts (i) the normal force (Fz), (ii) the 2D
contact location (x, y), and (iii) the shape class of
the object. Two sensor variants were developed:
Sensor 1, a layered design with fewer visible fringes,
and Sensor 2, an integrated structure with im-
proved fringe clarity. Both were evaluated using a
ResNet-18 and a lightweight custom CNN, under
three augmentation pipelines: grayscale images with
10 noisy augmented samples each, RGB images
with 3 noisy augmentations, and RGB images with
3 clean (noise-free) augmentations.

The base dataset includes nearly 15,000 synchronised
samples of high-frequency fringe images and force
signals. With augmentation, this was expanded to
around 45,000 or 150,000 samples depending on the
pipeline. The best results were achieved using Sen-
sor 1 and ResNet-18 trained on grayscale images with
10 augmentations per input image. This configura-
tion yielded a force MSE of 0.0213N2, a contact-
point RMSE of 0.4462mm, and 96.24% shape clas-
sification accuracy. Notably, even RGB images with
only three augmentations per sample reached simi-
lar performance levels. These findings highlight that
full-colour input and lightweight augmentation re-
main effective for accurate, scalable tactile sensing.
Our modular learning pipeline generalises across sen-
sor variants and data regimes, enabling robust, high-
frequency tactile inference suitable for real-world de-
ployment.

Keywords Photoelasticity · Tactile Sensing ·
Multi-task Learning · Machine Learning · Force Es-

timation · Contact Localisation · Shape Detection

1 Introduction

Robots perceive the world through sight and sound,
but touch reveals how firmly they can push. Reli-
able tactile feedback is essential for delicate every-
day tasks: holding a coffee mug without dropping
it, enabling a prosthetic hand to pick up a berry
without crushing it, or guiding a robot to clean dust
from a glass table without leaving scratches. Tradi-
tional force sensors measure single points accurately
but reveal little about how pressure spreads across
surfaces, while cameras capture detailed images yet
lack tactile sensitivity.

Currently available tactile sensors have significant
limitations. Optical skins, such as GelSight, show
that adding shape alone improves grasp success and
slip detection [1], [2]. However, GelSight does not
directly measure force values. On the other hand,
capacitive or barometric arrays can measure force di-
rectly but provide only coarse spatial detail, missing
precise shape and location information crucial for nu-
anced tasks. This lack of spatial and force precision
becomes especially problematic in delicate applica-
tions—for example, grasping a strawberry off-centre
may cause the gripper to slip or apply excessive force
to a small region, damaging the fruit. In contrast, a
sensor that can measure both force magnitude and
its precise distribution would allow the system to
grasp the strawberry closer to its centre, applying
just enough force to hold it securely without crush-
ing it.

Photoelasticity bridges these limitations. A trans-
parent, stress-sensitive polymer generates interfer-
ence fringes—isochromatics—when loaded. These
fringes simultaneously encode force magnitude, di-
rection, and distribution. Previous photoelastic sen-
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sors demonstrated a force resolution of 0.5N for
forces up to 8N but lacked localisation of the contact
point. [3] Polyurethane-sheet sensors could measure
tangential forces, but ignored shape recognition. [4]
A photoelastic tactile sensor, capable of simultane-
ously determining multi-axis forces, precise contact
locations, and object shapes in real time, would sig-
nificantly advance robotic tactile sensing.

In this work, we propose a camera-based tactile sen-
sor system that reads photoelastic fringe patterns
and predicts three tactile outputs in parallel: the
normal force (Fz), the 2D contact point (x, y), and
the indentor shape. Our system is designed to be
low-cost (≈ 200 euros), scalable, and data-driven. It
is built around a modular architecture that supports
both grayscale and RGB imaging pipelines, as well
as various augmentation strategies designed to test
performance under noisy, realistic, and ideal condi-
tions.

Research Question:
How effectively can a camera-based photoelastic tac-
tile sensor, combined with a lightweight multi-task
CNN, estimate real-time tactile information, and
how do specific sensor design and training choices
influence its performance?

Sub-questions:

1. How does changing the internal structure (layered
versus integrated design) affect sensing accuracy?

2. What impact does fringe image quality (sharp
versus blurred images) have on the network’s pre-
dictive performance?

3. Which augmentation strategies (grayscale vs.
RGB, noisy vs. clean) offer the best trade-off be-
tween accuracy, realism, and computational cost?

To investigate these questions, we developed two sen-
sors: Sensor 1, a layered structure that produces
lower-contrast fringes, and Sensor 2, an integrated
design with improved fringe clarity. We tested both
using two neural networks: a ResNet-18 and a cus-
tom lightweight CNN. Each network receives a single
image as input and predicts all three tactile outputs
simultaneously. To build a diverse training dataset,
we collected nearly 15,000 synchronised samples us-
ing a 50Hz camera and a 5 kHz force sensor. De-
pending on the augmentation pipeline—either 3 or
10 augmented versions per sample—this dataset was
expanded to around 45,000 or 150,000 images. We
experimented with grayscale inputs as well as full
RGB images, with and without added noise and jit-
ter, to examine how different representations and
conditions affect learning.

All image preprocessing was designed to preserve the

physical validity of the data. Fringe images were
cropped so the sensor was centred, allowing for ge-
ometric transformations such as rotation. This en-
sured that spatial labels (force, location, shape) re-
mained accurate. The final image size was adapted
to each sensor’s reflective region: 980×980 pixels for
Sensor 1, and 1100×1100 pixels for Sensor 2.

The paper is structured as follows: section 2 reviews
key developments in photoelastic sensing across both
tactile and non-tactile domains, highlighting the
need for simple, multimodal systems capable of full-
field inference. section 3 details the design of the two
sensor variants, the data acquisition setup, the aug-
mentation pipeline, and the neural network architec-
tures used. section 4 presents both quantitative and
qualitative findings, analysing how sensor design, im-
age quality, and augmentation strategies affect pre-
diction performance across force, contact location,
and shape classification tasks. This section also in-
troduces the evaluation metrics used for assessing
model accuracy. In section 5, we benchmark our
system against prior photoelastic and vision-based
tactile sensors, showing that our approach achieves
competitive or superior results. section 6 explores
key insights, including trade-offs in sensor construc-
tion and opportunities for improving both the mod-
els and the sensor. Finally, section 7 summarises
the main contributions of this work. By pairing low-
complexity hardware with task-specific deep learn-
ing, our system delivers accurate, real-time tactile
sensing with strong potential for use in practical
robotic applications.

2 State-of-the-Art

Early efforts to exploit the photoelastic effect for
tactile sensing demonstrated its fundamental feasi-
bility but were limited in scope and functionality.
One of the earliest examples, by Bertholds et al.
(1986) [5], used photoelasticity for pressure sensing
via a long optical fiber combined with polarisers
and photodetectors to measure stress-induced light
changes. Dubey et al. (2006) [6] extended this idea
with several photoelastic tactile sensors, including a
dynamic system that detected both normal forces
and incipient slip using a polarised light source
and a photodiode. Their setup achieved a normal
force range of up to 6N and could detect slip
speeds around 0.1mm/s. While this work proved
the concept of real-time slip sensing, it was limited
to single-point measurements and could not resolve
complex contact distributions.
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Subsequent developments shifted toward camera-
based imaging of fringe patterns to enable richer
data capture. For example, Dubey et al. (2007) [7]
demonstrated that a neural network could be
trained on fringe images to estimate applied loads.
Their system successfully mapped fringe orders to
normal forces up to approximately 95N with an
error of around 2.8% (approximately 2.6N absolute
error) using a 1MP camera. However, this work did
not address tactile sensing directly but established
that fringe order could predict force magnitude.
Chung et al. (1998) [8] took a similar approach,
employing a neural network with photoelastic
imaging to estimate torque, achieving a low error of
0.4%. Despite their accuracy, these early systems
focused on a single output (either force magnitude
or torque), relied on relatively simple networks by
today’s standards, and typically assumed a known,
centred contact position—failing to infer either
contact location or object identity [3].

More recently, researchers have aimed to expand
the scope of photoelastic tactile sensing to more
practical, real-world applications. Hardware-based
multi-axis sensing has become more common.
For instance, Mitsuzuka et al. (2022) [4] devel-
oped a tactile sensor using a highly photoelastic
polyurethane sheet paired with multiple LEDs and
photodiodes. This setup enabled the measurement
of both normal (Fz) and tangential (Ft) forces
through stress-induced birefringence, with the force
components separated via three distinct light paths.
However, with only three photodiode readings, the
system lacked the spatial resolution needed to detect
contact location or infer object shape.

Camera-based designs have also matured. Mukashev
et al. (2022) [3] introduced the PhotoElasticFin-
ger—a robotic fingertip using soft silicone that
produces photoelastic fringes. Their system esti-
mated forces up to 8N with RMSE of less than
2.5N, confirming the potential of photoelastic
imaging for robotic applications. Still, their sensor
was limited to estimating the total force magnitude
and did not provide contact location or shape
recognition.

Other research has explored specialised use cases
or materials. Takarada et al. (2021) [9] embedded
photoelastic polyurethane into robotic fingertips to
measure gripping force and classify object stiffness.
Their system demonstrated how fringe patterns
vary with object compliance—suitable for handling

soft or delicate items. However, the method relied
on average light intensity rather than full-frame
image processing, limiting its spatial precision.

Liu et al. (2024) [10] introduced a fatigue-resistant
mechanoresponsive hydrogel (FMCH) designed for
tactile applications. Their sensor exhibited robust
and consistent optical behavior across over 10,000
usage cycles and was capable of inferring object
shape, location, stiffness, and pressure from reflected
fringe patterns. While technically sophisticated, the
system required custom hydrogel synthesis and a
complex optical stack, including pre-stretching of
the FMCH layer inside the sensor.

Complementing these works, Mitsuzuka et al.
(2020) [11] presented a full camera-based photoe-
lastic sensor using an engineered polymer film with
enhanced birefringent properties. Their design
incorporated a light source, polarisers, and a CMOS
camera to visualise stress distributions. The system
successfully handled both normal and shear loading,
and could resolve contact positions and pressure
directions—demonstrating practical feasibility for
capturing distributed tactile signals.

Other implementations targeted different goals en-
tirely. Nakamura et al. (2013) [12] used a layered
photoelastic sensor to distinguish between human-
perceivable surface textures, but the system did not
attempt to measure contact forces. Likewise, appli-
cations beyond robotics—such as using fringe pat-
terns for analyzing foot pressure in medical diagnos-
tics [13] or building a pressure-sensitive touch inter-
face on screens [14]—show the breadth of photoelas-
tic sensing but do not address the combined inference
of force, position, and shape.

Comparing capabilities. Previous photoelastic
tactile sensors present trade-offs between simplicity
and information richness. Systems using photodi-
odes [4] respond quickly but offer limited spatial de-
tail. In contrast, camera-based systems offer full-
field fringe imaging [3] that can in theory support
richer inference, but historically required offline pro-
cessing or predicted only a single tactile variable.
To our knowledge, no prior sensor combines force
estimation, contact localisation, and shape recog-
nition in a unified framework, nor applies modern
deep learning to decode photoelastic signals in real
time. Many designs are constrained by narrow force
ranges (typically below 10N [3]), complex fabrication
techniques (e.g., embedded fibres or multi-layered
films), or evaluation under narrow conditions. This
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leaves a clear gap in the research: a camera-based
photoelastic tactile sensor that is easy to manufac-
ture, supports multi-task inference, and generalises
across conditions. Our system addresses this gap by
combining a simple sensor design with a lightweight
multi-task CNN capable of real-time, spatially re-
solved tactile prediction.

3 Methods

3.1 Sensor Design

The tactile sensor used in this project operates
based on the principle of photoelasticity. When
a transparent elastic material is subjected to an
external force, internal stress causes the formation
of visible fringe patterns—known as isochromatics.
These patterns, illustrated in Figure 1, reveal how
force is distributed across the surface and serve
as a source of visual information. By analysing
these fringe patterns, machine learning models can
be trained to infer the underlying forces applied
to the sensor. As shown in the same figure, the
fringe patterns combined with the elasticity of the
sensor also encode the shape of the indentor and
the contact location. Further details on how the
model learns to extract and predict these features
are discussed in subsection 3.4.

Over the course of this project, we developed and
evaluated seven distinct sensor prototypes, starting
with designs that featured a pronounced curvature.
These early sensors demonstrated strong potential
for precise small-force measurements due to their
stress-focusing geometry. However, while effective
for force estimation, their geometry limited the range
of additional tactile information we could extract.
To achieve a more versatile sensing system—capable
not only of force prediction but also of detecting
contact location and identifying object shape—we
shifted toward flatter designs. After experimenting
with several curvatures, we ultimately selected a flat
sensor configuration. This approach retained accu-
rate force sensing while unlocking richer spatial fea-
tures such as contact point localisation and shape
determination, similar to the capabilities shown in
GelSight systems [15].

Sensor architectures

We fabricated two photoelastic tactile sen-
sors—Sensor 1 (low fringe) and Sensor 2
(high fringe)—whose sensing modules are labelled
“1” in Figure 2. Both versions use a birefringent

(a) Sensor 1 (low-fringe,
blurred), Pentagon

(b) Sensor 1 (low-fringe,
blurred), Rectangle

(c) Sensor 1 (low-fringe,
sharp), Pentagon

(d) Sensor 1 (low-fringe,
sharp), Rectangle

(e) Sensor 2 (high-fringe),
Pentagon

(f) Sensor 2 (high-fringe),
Rectangle

Figure 1: Sample raw images from the three sen-
sor/image quality combinations. Sensor 1 was
recorded both with blurred (a,b) and sharp (c,d) fo-
cus settings. Sensor 2 consistently produces distinct
photoelastic fringes (e,f). Each image shows an in-
dentation in the center position (0,0) using either a
pentagon or rectangle indentor.

polythioether (PTE) layer that reveals stress
through visible photoelastic fringes (shown in
Figure 1).

In conventional setups, the photoelastic material
must be placed between two circular polarisers.
However, since both the illumination and the camera
are positioned on the same side, a reflective 200 µm
adhesive layer mixed with silver pigment is applied
to the object-facing side, as shown in Figure 2. A
circular polariser is then placed on the camera side
to complete the optical path and make the fringes
visible.

The two sensors differ in how the photoelastic and
supporting layers are structured:

• Sensor 1 (low fringe) is a laminated stack: a
thin (1mm) PTE film is bonded to a 2 cm soft
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1. Photoelastic Sensor 
(with reflective layer)

2. Circular Filter

3. PMMA Disk

4. Camera Lens

5. LED Ring

6. 3D Printed Casing

7. Basler Camera

8. Sensor Base

1
2

3
4

6

7

8

Figure 2: Sensor exploded view [16]

polyurethane layer for shape capture.

• Sensor 2 (high fringe) simplifies this by com-
bining both into a single 2 cm soft photoelastic
layer with enhanced fringe visibility.

Both variants share the same reflective coating, po-
lariser film, and 5mm PMMA base. The full prepa-
ration procedure and material details are described
in Appendix A.2.

3.2 Measurement Setup and Data Acqui-
sition

To collect training data, we developed a custom ex-
perimental setup capable of recording both the vi-
sual stress patterns and the corresponding ground-
truth force information applied to the photoelastic
sensor. The setup, shown in Figure 3, included a
Basler daA1920-160uc RGB camera (S-Mount) [17]
to collect the images mounted below the transpar-
ent sensor discussed in section 3.1, and a 6-axis ATI
Mini40-E force/torque sensor [18], attached to the
L bracket, connecting the stepper with the indenter.
The camera captured fringe patterns from beneath
the sensor, while the force sensor recorded applied
forces and torques as the indentor pressed into the
soft layer.

Both sensors contain a circular filter, and a reflec-
tive coating. This configuration allowed light to
pass through the sensor, interact with internal stress
fields, and produce visible photoelastic fringes that
the camera can record. These fringes form the ba-
sis for visual force estimation and are explained in
detail in subsection 3.1.

To control the indentation process, we used two or-
thogonally mounted Thorlabs stepper motors [19] to
position the indentor in the x and z directions. The
z-axis motor applied force, while the x-axis motor
shifted the contact point laterally. A Thorlabs man-
ual translation stage [20] was used for positioning

along the y-axis. This configuration enabled precise
2D control over the location of indentation.

During data acquisition, 2 indentors shapes (pen-
tagon and rectangle) were pressed into the sen-
sor at different positions and force levels. The
force/torque sensor recorded all six components of
the applied load at 5 kHz, while the Basler camera
captured RGB images of the resulting fringe pat-
terns at 50Hz. Each trial consisted of a time win-
dow during which the system continuously recorded
synchronised streams of image and force data. This
produced a sequence of frames, each with an image,
a force vector, and metadata including the indentor
shape and the (x, y) contact position relative to the
sensor centre.

Figure 3: Measurement setup for recording force and
fringe image data [16]

To account for noise and avoid labelling frames with
negligible or unintentional contact, we applied a
force threshold. Specifically, when the measured
force magnitude dropped below 0.2N, the sample
was considered as having no meaningful indenta-
tion. In such cases, the indentor shape was set to
"None", and the contact coordinates were marked as
NaN. This threshold was chosen based on the obser-
vation that the force sensor used for this data acqui-
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sition exhibited force noise of up to approximately
0.2N. Excluding these low-force readings helped re-
duce label noise and ensured that the model was only
trained on valid contact events.

3.3 Dataset Construction and Augmen-
tation

Why Augmentation Matters

To build a model that performs reliably under real-
world conditions, it is essential to train it on data
that reflects the variability and imperfections found
in physical systems. In photoelastic tactile sensing,
fringe patterns are sensitive to lighting, object inden-
tation, etc. Augmentation allows us to simulate this
variability without needing to physically collect new
data for every condition. Throughout this project,
we explored three different augmentation strategies,
each chosen to test a specific trade-off between per-
formance, realism, and computational cost.

Overview of the Three Augmentation
Pipelines

We applied three distinct augmentation pipelines,
each serving a different purpose in our study. A short
summary is shown in 1 for clarity.

Table 1: Augmentation strategies used during train-
ing.

Augmentation
Strategy

Description and Trade-offs

1. Grayscale
with Noise

Converts the RGB image to grayscale
and applies 10 augmentations per sam-
ple, including jitter and Gaussian
noise. High augmentation diversity
improves generalisation and robust-
ness in real-world settings, but requires
more computation.

2. RGB with
Noise

Keeps the full colour image and adds
the same noise types, but only 3 aug-
mentations per sample. Less aug-
mentation reduces robustness, though
training is faster and less computation-
ally intensive. Useful when resources
are limited.

3. RGB with-
out Noise

Uses clean RGB images with only 3
augmentations and no added noise.
Represents an idealised scenario with
fast training and clean data. However,
poor generalisation makes it less reli-
able for deployment in variable envi-
ronments.

To illustrate the core concept behind our augmen-
tation process, we visualise the transformation se-
quence for the grayscale with noise pipeline in Fig-
ure 4. While this specific example reflects one of
the three pipelines, the shared geometric transforma-
tions are common to all. Colour-specific and noise-
related differences are discussed later.

Motivation Behind Each Pipeline

Each augmentation method was designed with a
specific goal in mind. The grayscale pipeline was
the first to be implemented and served as an initial
strategy to test whether tactile information could be
accurately extracted from fringe patterns without
relying on color. Since the core photoelastic effect
is based on light intensity variations and fringe
structures—which are still visible in grayscale—the
hypothesis was that colour might not be necessary
for accurate force and shape prediction. Converting
the image to grayscale also reduces the input
complexity, enabling faster training and simplifying
model debugging during early experimentation.

Additionally, we applied 10 augmentations per
sample in the grayscale setup to introduce varia-
tion in lighting, noise, and orientation. This was
intended to improve the model’s robustness and
generalization, especially in the early stages when
the dataset was relatively small.

The two RGB pipelines were introduced to assess
whether retaining colour information could enhance
model performance, particularly for tasks that rely
on subtle variations in fringe patterns which may
be diminished in grayscale. One pipeline included
the same noise and jitter augmentations used in
the grayscale setup, simulating real-world variabil-
ity. The other pipeline used clean, unaltered RGB
images to evaluate performance under ideal, noise-
free conditions.

Common Augmentation Steps

All pipelines share a number of preprocessing steps
that ensure the augmented data remains physically
accurate and consistent across the dataset. While
the specific parameters and intensity of augmenta-
tion may vary by pipeline, the general process is
similar. Figure 4 illustrates one representative ex-
ample of this pipeline, demonstrating the core steps
applied to a single input image. These core steps are
as follows:
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(a) Original (b) Grayscale+Noise (c) Shift+Mask (d) Rotation (45◦) (e) Cropped

Figure 4: Visual walkthrough of the image augmentation process used in the grayscale with noise pipeline.
Starting from a 1920×1200 RGB frame, the image is converted to grayscale and expanded to three channels.
Brightness and contrast are then randomly jittered, followed by the addition of Gaussian noise ( = 5). The
image is horizontally shifted by 30 pixels to correct for optical misalignment, masked using a centered circular
aperture with a diameter of 1100 pixels, randomly rotated between 0° and 360° around the true sensor center,
and finally center-cropped to 1100×1100 pixels. While this example reflects the grayscale+noise pipeline,
the same geometric transformations are applied consistently across all augmentation methods to preserve
label validity for contact point, force, and shape.

1. Center cropping: The sensor is placed at the
true center of the image to ensure that all rota-
tions happen around the optical center.

2. Rotation: Each image is rotated randomly be-
tween 0° and 360°, with the contact point label
adjusted accordingly to make the model as gen-
eralizable as possible.

3. Horizontal shifting: A fixed 30-pixel shift
corrects for slight alignment errors between the
camera and the sensor.

4. Masking: A circular mask is applied to remove
irrelevant parts of the image outside the sensor
area.

5. Final cropping: The resulting image is
cropped to a fixed size for model input—980
pixels for Sensor 1 and 1100 pixels for Sensor
2.

These transformations ensure the labels (force,
contact location, and shape) remain valid and
consistent, while increasing the variety of conditions
the model sees during training.

For models trained on augmented data with noise
and jitter, these visual distortions are applied
first—before any geometric transformations de-
scribed above. Specifically, colour jitter randomly
adjusts brightness and contrast to reflect variations
that often occur in real-world imaging setups. In our
sensor, these fluctuations can be caused by inconsis-
tencies in the LED ring light—such as slight volt-
age variations or thermal drift—or by ambient light
leaking from the outside world through the partially

transparent elastomer of the sensor. Gaussian noise
is added as random pixel-wise fluctuations, simu-
lating image degradation introduced by the cam-
era itself. This includes effects like low-light noise,
thermal noise, and electronic interference. In the
grayscale pipeline, these perturbations are applied
after converting the image from RGB to grayscale,
ensuring the resulting image maintains physical re-
alism while still capturing noise characteristics. To-
gether, these augmentations encourage the model to
focus on stable fringe features rather than overfitting
to ideal conditions, helping it generalise to a broader
range of deployment scenarios.

Grayscale Image Processing

In the grayscale augmentation pipeline, each sensor
image was converted to a single-channel intensity
representation using .convert("L"). This opera-
tion computes the luminance of each pixel based on
a weighted sum of the red, green, and blue colour
components as shown in the following equation:

Grayscale Intensity = 0.299 · Red + 0.587 ·Green

+ 0.114 · Blue (1)

This formula reflects the human eye’s greater
sensitivity to green and red light, giving more
weight to those channels. After the image is
converted to grayscale, we expand the result back
into a 3-channel tensor using repeat(3,1,1). This
duplication preserves compatibility with CNNs
expecting RGB inputs, such as the ResNet-18,
without changing the model architecture.
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While this approach simplifies the input by remov-
ing colour variation, it may also eliminate potentially
useful features. In photoelasticity, colour fringes
arise from stress-induced birefringence, and subtle
chromatic differences can encode additional informa-
tion about the magnitude and distribution of stress.
Therefore, although grayscale conversion captures
core structural information, it potentially does so at
the cost of discarding meaningful optical cues.

Working with RGB Images

The RGB pipelines preserve all colour information
in the image, which can be valuable for recognis-
ing complex patterns in fringe responses. The noisy
version applies the same augmentation steps as the
grayscale pipeline, but uses fewer copies (three in-
stead of ten) to keep training time manageable. The
noise-free RGB version skips jitter and Gaussian
noise altogether. It was designed not for deployment,
but to explore the best possible performance when
the input is clean—such as in simulations or tightly
controlled lab settings.

Sensor-Specific Cropping Sizes

Because the two sensors have different construction
characteristics, we used different final cropping sizes.
Sensor 2, which had a thicker photoelastic layer,
shows more spread out light reflections near the edge,
allowing us to use a wider 1100-pixel crop. Sensor 1,
being more sensitive to reflections, was cropped to
980 pixels to exclude noisy borders and focus on the
usable area.

Summary and Implications

These three augmentation pipelines were devel-
oped to explore trade-offs between accuracy, real-
ism, and computational efficiency. The grayscale
pipeline—with heavier augmentation—tests how
well models perform under broader visual variation.
The noisy RGB pipeline investigates whether retain-
ing colour improves performance under similar aug-
mentation conditions. The clean RGB version, in
contrast, aims to reveal the best-case scenario when
no artificial noise is added. Together, these strate-
gies offer insight into how different data preprocess-
ing choices affect tactile model performance. As tac-
tile systems are scaled and deployed in real-world
settings, understanding the implications of augmen-
tation depth, colour retention, and noise simulation
becomes crucial for designing models that are both
robust and practical.

3.4 Model Architecture and Training

To learn from photoelastic fringe images, we
implemented and compared two neural network
architectures: a ResNet18-based model and a
lightweight custom CNN. Each serves a distinct
purpose.

ResNet-18 is a widely used baseline in computer
vision, known for its residual connections that
stabilize training in deeper networks [21].

In contrast, the custom CNN was specifically
designed for low-latency inference in resource-
constrained settings. With a significantly smaller
parameter count than ResNet-18, it enables faster
execution and reduced computational overhead. In
live testing, the custom model consistently outper-
formed ResNet-18 in speed, achieving an average in-
ference rate of 10.5Hz compared to 9Hz for ResNet-
18. These benchmarks were obtained using only the
CPU of an HP ZBook laptop, suggesting that sub-
stantial speed gains are possible with GPU acceler-
ation.
Using both architectures allows us to explore the
trade-off between general-purpose deep networks and
task-specific lightweight designs. This comparison
directly supports our investigation into how sensor
design and image quality affect learnability and per-
formance.

Both models were structured to solve a three-headed
multitask learning problem. Given an input isochro-
matic fringe image, the network simultaneously pre-
dicts:
1. A 7-D force vector [Fx, Fy, Fz, Ft,Mx,My,Mz],

2. The indenter shape class, and

3. The contact point coordinates (x, y).

Although the network predicts the full 7-dimensional
force vector, the current loss function penalizes
only the normal force component, Fz. This de-
sign choice enables straightforward future exten-
sions: once ground truth data for torque and shear
components become available, the loss can be ad-
justed accordingly without modifying the model ar-
chitecture or retraining from scratch. For this
project, the focus on Fz served both to reduce the
number of required labels and to demonstrate that
accurate normal force estimation is feasible using our
sensor setup.

8



ResNet18-based model. This architecture
adapts the standard ResNet18 by removing its final
classification layer and appending three parallel
output heads: a 7-unit regression head for the force
vector, a softmax classification head for the indentor
shape, and a 2-unit regression head for the contact
point. The model is initialized from scratch (no
pretraining) to ensure adaptation to the unique
structure of photoelastic images.

Lightweight custom CNN. The custom model
consists of four convolutional blocks, each with ReLU
activations and max pooling. The number of chan-
nels doubles after each block (from 16 to 128), while
the spatial resolution is halved. An adaptive av-
erage pooling layer compresses the feature map to
(128 × 1 × 1), which is then flattened and passed
to the same three output heads used in the ResNet
variant.

Training setup. Both models were trained for 40
epochs using the Adam optimizer with a learning
rate of 1 × 10−3 and a batch size of 32. Images
were downsampled and normalised. Depending on
the chosen augmentation strategy, they were either
converted to grayscale with additional noise or kept
in full RGB with or without noise. The dataset was
split into training (80%), validation (10%), and test
(10%) sets using a fixed random seed to ensure con-
sistency. Training was carried out on the DelftBlue
supercomputer [22], using PyTorch’s DataParallel
API to support multiple GPUs.

Loss function. A composite multi-task loss func-
tion was used to train all three prediction heads si-
multaneously. This loss combines three components:

• Mean Squared Error (MSE) for the Fz force
component

• Cross-Entropy Loss for the indentor shape clas-
sification

• MSE for the 2D contact point (x, y), applied
only when both values are valid

These components are summed with equal weights.
The total loss L for a single batch is computed as:

L = MSE
(
F pred
z , F true

z

)
+CE

(
Shapepred,Shapetrue

)
+MSEvalid

(
(x, y)pred, (x, y)true

)
(2)

The third loss term corresponds to the contact point
prediction and is only computed for samples with
valid (x, y) annotations. As explained in subsec-
tion 3.2, when the measured normal force Fz falls

below 0.2 N, the signal is treated as noise and the
sample is labeled with NaN contact coordinates and
an indenter shape of None. To prevent the model
from learning from unreliable labels, a binary mask
is applied during loss computation to exclude these
invalid contact points from the regression loss. Im-
portantly, such samples are not discarded entirely.
Even when the contact point is missing, the corre-
sponding images are still used to compute the force
regression and shape classification losses. This ap-
proach ensures that the model utilizes all available
data while avoiding the introduction of label noise in
tasks where ground truth is not meaningful.

To match the resolution of the physical sensors and
reduce label noise, target values Fz and (x, y) were
rounded to one decimal place. This rounding reflects
the measurement accuracy of the hardware and helps
stabilize training by avoiding gradients caused by in-
significant fluctuations.

Model checkpoints were saved every 2 epochs, and
both training and validation losses were tracked
throughout. A final evaluation was performed on
a test set using the same three metrics, reported as
averages over all test samples. The detailed results
are presented in section 4.

4 Results

This section presents a detailed evaluation of our
tactile sensing system across multiple dimensions.
We begin with a quantitative analysis of model per-
formance, comparing different sensor designs, image
sharpness levels, model architectures, and augmen-
tation pipelines using standard metrics such as force
error, contact localisation accuracy, and shape clas-
sification scores. We then introduce a complemen-
tary qualitative validation that explores how well the
trained models generalise to real-world conditions us-
ing a live inference interface. Together, these evalu-
ations provide a comprehensive view of the system’s
robustness, predictive accuracy, and practical viabil-
ity.

4.1 Evaluation Metrics

To evaluate our tactile sensor and learning setup,
we use a set of metrics that align with its three
main prediction tasks: estimating normal force
(Fz), localising the contact point, and classifying
the indentor shape.
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Force prediction is assessed using the Mean
Squared Error (MSE) between the predicted and ac-
tual force values. In practice, we focus on the normal
force component Fz. The MSE is calculated as:

MSE =
1

N

N∑
i=1

(
F pred
z,i − F true

z,i i
)2

(3)

which gives the average squared difference across all
test samples. We use MSE because it emphasises
larger errors more strongly, giving a clearer picture
of the model’s accuracy in predicting actual force
values. A lower MSE directly implies a lower root-
mean-square error, which in turn reflects how close
the predictions are to the real force in Newtons.
Since this metric is standard in regression, it also
allows for easy comparisons with previous work
that reports similar force-related metrics [3]. In
our case, a low MSE on Fz means the sensor can
consistently estimate the normal force with minimal
deviation—an essential property for safe and stable
robotic interaction.

Contact point localization is evaluated using the
Mean Squared Error over the 2D contact coordinates
(x, y) on the sensor surface. The formula follows:

MSE =
1

N

N∑
i=1

(
xpredi − xtruei

)2
+
(
ypredi − ytruei

)2

(4)
For easier interpretation, this often gets converted
into Root Mean Square Error (RMSE) measured in
millimetres. This tells us how precisely the model
can locate the point of contact. We favour MSE
or RMSE here because it reflects the Euclidean
distance between predicted and actual positions
and provides a direct spatial error in physical units.
A small contact point RMSE—typically within
a millimeter—means the sensor can accurately
locate where contact occurred. This is particularly
useful for fine manipulation tasks or shape-based
interactions. We selected this metric because it
is intuitive, grounded in physical space, and com-
parable with values reported by other tactile sensors.

Indentor shape classification is evaluated us-
ing commonly used classification metrics: Accuracy,
Precision, and F1-score. Accuracy gives the percent-
age of correctly predicted shapes out of all predic-
tions, serving as an overall performance measure.
However, when class distributions are uneven, ac-
curacy on its own can be misleading. That is why
we also report Precision—how many predicted in-
stances of a given shape are correct—and F1-score,

which balances Precision and Recall through their
harmonic mean. The F1-score provides a single
value that captures both types of classification er-
ror. These additional metrics help ensure the model
performs well across all shape classes and doesn’t
just default to the most common one. For example,
a model might reach high accuracy by always pre-
dicting the most frequent class, but that would show
low Precision and F1 on less common shapes. Includ-
ing these metrics helps us assess whether the model
makes consistent, balanced predictions. Although
shape classification is not usually addressed in pre-
vious photoelastic sensor work, these metrics allow
us to benchmark this added functionality within our
system.

4.2 Quantitative Results

Table 2 summarises the performance of both the
ResNet-18 and the custom lightweight CNN across
different sensor designs, image qualities, and aug-
mentation pipelines. Each model was evaluated on
its ability to predict force, contact location, and
indenter shape. Beyond architecture comparisons,
we assessed the effect of sensor structure—either a
high-contrast integrated design (Sensor 2) produc-
ing more pronounced fringes or a layered low-fringe
design (Sensor 1)—as well as image sharpness and
augmentation strategies.

Impact of Image Quality: Blurred vs. Sharp
A clear performance gap emerges when compar-
ing Sensor 1 results using blurred versus sharp im-
ages. Proper focus and optical clarity significantly
enhance model performance across all tasks. For
instance, the custom CNN* (see Table 2) sees its
force RMSE drop from 1.5827N to 0.5536N, contact
RMSE reduce from 3.5334mm to 2.1048mm, and
F1-score improve from 0.6957 to 0.8739. ResNet-
18 (see Table 2) shows similar gains, with improve-
ments across force, localisation, and shape metrics.
These results highlight the sensitivity of photoelas-
tic fringe interpretation to image sharpness. Even
in resource-constrained models, well-focused images
enable richer feature extraction and markedly better
performance.

Sensor Design: Layered vs. Integrated
Sensor 2 was designed to produce clearer and more
distinct fringe patterns through an integrated optical
stack. Nevertheless, experimental results show that
Sensor 1—despite its simpler, layered construction
and lower fringe contrast—achieves highly compara-
ble performance. For example, ResNet-18 achieves
its best results on Sensor 1 (sharp), with a force
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Table 2: Model performance across sensor variants using ResNet-18 and Custom CNN. Metrics include
force estimation (MSE, RMSE), contact localisation RMSE, and shape classification accuracy, precision,
and F1-score.

Sensor Setup Model Force MSE (N2) Force RMSE (N) Contact RMSE (mm) Shape Acc. Precision F1-score

Sensor 1
(low-fringe, blurred)

ResNet-18 0.0521 0.2282 0.7595 0.9584 0.9578 0.9581

ResNet-18* 0.5928 0.7699 1.0038 0.7884 0.8025 0.7933
Custom CNN 1.4056 1.1855 0.9841 0.9167 0.9167 0.9033
Custom CNN* 2.5051 1.5827 3.5334 0.7100 0.7305 0.6957

Sensor 1
(low-fringe, sharp)

ResNet-18 0.0213 0.1459 0.4462 0.9624 0.9611 0.9613

ResNet-18* 0.0481 0.2193 0.8036 0.9500 0.9491 0.9484
ResNet-18† 0.0488 0.2210 0.6857 0.9631 0.9672 0.9619
Custom CNN 0.2428 0.4927 1.4683 0.9532 0.9576 0.9471
Custom CNN* 0.3065 0.5536 2.1048 0.9013 0.8952 0.8739
Custom CNN† 0.1854 0.4306 2.3124 0.9500 0.9494 0.9445

Sensor 2
(high-fringe, sharp)

ResNet-18 0.0298 0.1726 0.7528 0.9643 0.9685 0.9634

ResNet-18* 0.0418 0.2044 1.0797 0.9577 0.9591 0.9564
Custom CNN 0.3275 0.5722 2.3503 0.9274 0.9216 0.9152
Custom CNN* 0.3740 0.6115 1.0797 0.9577 0.9591 0.9564

Note: Models marked with * or † were trained on 3 RGB-augmented images per sample (no grayscale). Models
marked with † were additionally trained without added jitter or Gaussian noise and serve as noise-free benchmarks
under ideal training conditions. All other models were trained with 10 grayscale-augmented images per sample and
included noise-based regularisation.

RMSE of 0.1459N compared to 0.1726N on Sensor
2. The custom CNN follows a similar trend, reach-
ing 0.4927N on Sensor 1 versus 0.5722N on Sensor 2.
Although these differences are measurable, they re-
main small—particularly when rounded to one deci-
mal place—rendering the two sensors nearly indistin-
guishable in practice. Given that Sensor 1 requires
fewer fabrication steps and is easier to assemble, it
raises an important question: is the marginal gain
in accuracy from Sensor 2 worth the added complex-
ity? In many practical settings, Sensor 2 may offer a
more attractive trade-off between performance, cost,
and manufacturability.

Augmentation Regime: Grayscale vs. RGB
Across all setups, models trained with 10 grayscale
augmentations generally outperform their RGB-
trained counterparts with only 3 augmentations.
However, the performance gap is not prohibitive. For
instance, the custom CNN on Sensor 1 (sharp) (see
Table 2) achieves an F1-score of 0.9471 in grayscale
versus 0.8739 with RGB, and force RMSE rises mod-
estly from 0.4927N to 0.5536N. That said, the RGB
pipeline’s efficiency is hard to ignore. Training the
RGB-augmented models on a standard HP ZBook
laptop takes less than half the time of the grayscale
setup, which requires the same amount of time where
the preprocessing takes place on a 48-core server and
training on 4 GPUs.

To better understand the theoretical ceiling of RGB-
based models, we introduce the † variants—models

for Sensor 1 (low fringe, sharp), trained on RGB
inputs without any added jitter or Gaussian noise.
These configurations simulate an idealised environ-
ment. Under these controlled circumstances, the
ResNet-18† (see Table 2) achieves a force RMSE of
0.2210N and an F1-score of 0.9619, nearly matching
the performance of the grayscale baseline (0.1459N
RMSE, 0.9613 F1). Similarly, the custom CNN† (see
Table 2) reaches 0.4306N RMSE and an F1-score of
0.9445— outperforming its noisy RGB counterpart
(*).

While these results highlight the best-case perfor-
mance for RGB models on this sensor, they should
not be interpreted as representative of real-world re-
liability. In practical applications, sensor input is
often affected by noise, such as lighting inconsis-
tencies, all factors intentionally excluded from the
models. Still, the findings are valuable: they high-
light the upper performance limits of RGB mod-
els under tightly controlled or simulated conditions,
such as robotic lab setups, enabling researchers to
assess model headroom and refine architectures ac-
cordingly.

As datasets grow and tactile inference expands to
include material recognition, torque estimation, or
dynamic interactions, RGB pipelines remain a valu-
able option. Their low computational cost and quick
turnaround times make them well-suited for large-
scale training and field deployment, especially when
paired with effective regularisation and domain-
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specific fine-tuning.

Key Takeaways
Several important insights emerge from this analysis:

• Sharp images dramatically improve per-
formance. Especially in layered sensors like
Sensor 1, optical clarity has a measurable effect
on all model outputs.

• Sensor 1 performs on par with Sensor 2.
Despite having less fringe contrast, Sensor 1
matches or exceeds Sensor 2 in performance.

• ResNet-18 is the most accurate model
overall. It consistently achieves the best
force, contact, and shape predictions, though
the custom CNN remains highly competi-
tive—especially in lightweight deployments.

• Grayscale augmentation yields peak per-
formance, while RGB offers faster and
more scalable training. For real-time
applications or large-scale datasets, RGB
pipelines—when properly regularised—provide
an attractive trade-off between training speed,
computational cost, and predictive accuracy.
Future work could explore the full potential
of RGB inputs by applying the same 10-fold
augmentation strategy used in the grayscale
pipeline.

• Noise-free RGB benchmarks validate
model potential. The † results demonstrate
that under ideal conditions, RGB models can
achieve high accuracy with minimal augmenta-
tion and no domain-specific preprocessing.

Altogether, the results illustrate how thoughtful sen-
sor design, image clarity, and augmentation choices
can unlock high-quality tactile prediction—even
with compact models. These findings lay the ground-
work for cost-effective, deployable tactile systems
that do not compromise on performance.

4.3 Qualitative Evaluation: Live Infer-
ence Validation

To assess how the trained models perform in a
real-world setting, we conducted an additional qual-
itative validation using the live inference interface
developed for this project. This test was not part of
the controlled dataset evaluation but offers valuable
insight into real-time prediction accuracy under
natural conditions.

The interface displays both the raw camera feed
and the preprocessed input fed into the neural
network—cropped, shifted, and masked identically
to the training augmentations, but without added
noise or jitter. Predictions for normal force (Fz),
contact location (x, y), and shape class are then
visualised through a live graphical interface. Using
this tool, we manually tested all trained models by
pressing different shapes onto the sensor surface,
without using a fixed setup or alignment stage.
Instead, indenter placement varied in orientation
and position, emulating realistic use.

We tested whether the shape classification matched
the true shape and whether the predicted contact
location was consistent with the physical point of
contact. When indenters were pressed lower on
the sensor, the y-coordinate of the prediction was
expected to be negative, as the middle of the sensor
is the (0,0) point. Similarly, upper presses should
yield a positive y-value. The same validation logic
was applied for the x-coordinate. We further verified
that contacts near the centre produced values close
to (0, 0), while those near the edge had magnitudes
exceeding 10mm.

These tests were repeated under two lighting condi-
tions: in a dark room with minimal ambient light,
and in a bright environment with directed lighting
on the sensor. Across all scenarios, the ResNet-18
models consistently performed well. They correctly
identified the shape, localised the contact position
with accurate sign and magnitude, and handled the
”None” class (no contact) robustly. In contrast,
the custom CNN models sometimes struggled to
distinguish between similar shapes and showed more
variability in contact location predictions. Notably,
the custom CNN often defaulted to one dominant
shape class, misclassifying both pentagon and rect-
angle shapes as the same label when the predicted
force exceeded 3N, which was determined by the
model. At lower predicted forces (below 3N), the
model performed more accurately in distinguishing
shapes.

We attempted to validate force prediction as well by
placing known weights on the indenters. However,
this proved unreliable, as the models were trained
exclusively on data collected with vertical inden-
tations, assuming a parallel orientation between
the indenter and the sensor. Without exposure to
angular indentations during training, generalisation
to off-axis loading was limited. This suggests a
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promising avenue for future improvement: train-
ing the model on a more diverse set of loading
orientations, or incorporating all six force-torque
components into the loss function, allowing it
to train on more parameters, which may signif-
icantly enhance robustness under natural conditions.

In summary, this qualitative evaluation highlights
the practical reliability of our ResNet-18 models for
live tactile inference. While quantitative results re-
main the benchmark, live testing reveals the strength
of our multi-task setup in real-world use, especially
in shape and location prediction under varying light-
ing and contact conditions. These observations,
while informal, reinforce the quantitative results: the
ResNet-18 models are more robust across lighting
and contact conditions, while the custom CNN shows
more sensitivity to contact orientation and shape
ambiguity.

5 Quantitative Comparison with
State-of-the-Art

To situate our sensor within the broader landscape
of tactile sensing, we compare its performance with
systems introduced after 2005. This includes mostly
photoelastic sensors, which share the same underly-
ing optical principle, and also includes a vision-based
design, namely GelSight. GelSight sensors are fre-
quently referenced in the literature for their high spa-
tial resolution and have served as a reference point
in numerous tactile sensing studies [15]. Including
it in our evaluation offers a clear benchmark beyond
the scope of traditional photoelastic sensors.

Force Estimation

Force sensing is the most widely implemented ca-
pability in photoelastic designs. PhotoElasticFin-
ger [3], for example, reliably detects normal forces
ranging from 0.5–8N, with errors between 0.91 and
2.5N. Mitsuzuka et al. [4] extended this concept
by measuring both normal and tangential forces
through a specialised photoelastic sheet with em-
bedded photodiodes. Their reported tangential force
errors were under 4% of full scale. Our sensor op-
erates across a broader 0–9N range and achieves a
force estimation error of approximately 1.6% full-
scale, demonstrating competitive performance with-
out requiring complex hardware.

Contact Localization

Few photoelastic systems report contact localisa-
tion. Most, such as the works of Dubey [6] and
Takarada [9], treat the sensor as a single tactile unit.
In contrast, our system estimates the location of con-
tact on the sensing surface, achieving a root-mean-
square error of 0.4462mm.

Shape Recognition

Shape detection is virtually absent from current pho-
toelastic sensors. PhotoElasticFinger, for example,
reports total force but does not distinguish shape
or position. GelSight excels in this domain, re-
constructing surface topography at a spatial resolu-
tion of 20–30µm. Although our approach does not
recreate a full 3D profile, it classifies contact shape
from fringe patterns with an estimated 96% accu-
racy. This makes our system the only one in the
photoelastic category to offer shape recognition.

Table 3: Comparison of our best-performing photoelastic tactile sensor with state-of-the-art tactile sensors
developed after 2005. Metrics include force estimation, contact localisation, and shape classification accu-
racy. Dashes (–) indicate unavailable or unreported data.
1 Photoelastic sensors. 2Vision-based tactile sensors (non-photoelastic).

Sensor∗
Force

Range (N)
Force Error

Contact
RMSE (mm)

Shape
Accuracy (%) or Res.(µm)

This Work1

(Sensor 1, low fringe, sharp)
0–9 RMSE: 0.1459N 0.4462 Shape determination accuracy: 96.24%

PhotoElasticFinger [3]1 0.5–8 RMSE: 0.9–2.5N – –
Mitsuzuka et al. (2022) [4]1 4.1–9.6 ≤4% (tangential force) – –
Takarada et al. (2021) [9]1 0.1–10 Resolution: 0.1 – –
Mitsuzuka et al. (2020) [11]1 0.02–10 ∼2% at 0.1N – –
Dubey et al. (2006) [6]1 0–6 – – –
GelSight [15]2 0–20 RMSE: 0.668–1.856N – spatial resolution: 20–30µm
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Summary and Context

Our sensor stands out for combining all three sensing
tasks—normal force, contact position, and contact
shape—within a single compact system. While
prior work has often specialised in one modality, our
approach is enabled by the use of a multitask deep
neural network trained on fringe images. This allows
us to extract multiple forms of tactile information
without redesigning the hardware. Unlike GelSight,
which requires post-processing for force estimation,
our system infers it directly from the image. And
unlike many earlier photoelastic systems, we are
able to perform spatial sensing in real time.

Taken together, these capabilities show that our sen-
sor bridges the gap between high-resolution tactile
vision systems and the simplicity of photoelastic
hardware. It offers a low-cost and scalable solution
for multimodal tactile feedback—paving the way for
its use in robotic manipulation, soft prosthetics, or
embedded applications.

6 Discussion

6.1 Key Findings and Contributions

This work presents a modular, low-cost tactile sens-
ing system based on the photoelastic effect, capa-
ble of simultaneously estimating contact force, loca-
tion, and shape from single fringe images. Using syn-
chronised high-frequency force data and structured
augmentation, we trained a lightweight multi-task
CNN and a ResNet-18 to make real-time predic-
tions under different sensor configurations and im-
age conditions. Notably, we observed that sharp
images—whether from fringe-rich or fringe-sparse
sensors—enabled the models to learn meaningful
features. While grayscale images with extensive
augmentation yielded the highest baseline accuracy,
RGB pipelines offered a compelling trade-off between
speed, flexibility, and resource usage. The results
support the feasibility of photoelastic sensing for
practical, real-time tactile feedback in robotics.

6.2 Fringe Quality and Image Clarity

Our results suggest that well-formed, high-contrast
fringe patterns do improve model accuracy but are
not strictly necessary for effective prediction. Sen-
sor 2, with its integrated design and enhanced fringe
visibility, was expected to offer a distinct perfor-
mance advantage. However, sharp images from Sen-
sor 1 performed comparably—often surpassing Sen-
sor 2—despite its layered structure and lower fringe

contrast. The clearest example is the ResNet-18
model on sharp Sensor 1 grayscale input, achiev-
ing a force RMSE of 0.1459N and shape F1-score
of 0.9613. In contrast, blurred images significantly
degraded performance across all metrics, reinforcing
the need for precise focusing of the lens. These find-
ings imply that while fringe visibility contributes to
performance, optical clarity is more critical. This
insight allows for more flexible sensor fabrication,
reducing reliance on high-fringe materials without
sacrificing accuracy.

6.3 Design and Deployment Trade-Offs

Although Sensor 2 was designed with a unified
optical stack to improve birefringence visibility,
experimental results show that Sensor 1, despite its
layered construction and lower fringe contrast, per-
forms equally well—or in some cases better—when
image sharpness is ensured. In particular, models
trained on sharp grayscale images from Sensor 1
consistently achieved the lowest force prediction
error (RMSE of 0.1459N) and highest shape classifi-
cation accuracy (F1-score of 0.9613). These findings
indicate that high fringe visibility is not strictly
necessary for accurate prediction, as long as the
optical clarity is maintained.

From a deployment perspective, the two sensors
offer distinct trade-offs. Sensor 2 simplifies the
fabrication process by integrating the sensing and
support layers into a single soft photoelastic gel,
making it easier to produce at scale.

These results suggest that in real-world tactile sys-
tems, performance does not hinge solely on maximis-
ing fringe visibility. Instead, the interplay between
optical clarity, sensor robustness, and manufacturing
simplicity must be considered. The choice between
Sensor 1 and Sensor 2 thus depends on application-
specific priorities: Sensor 1 for maximum perfor-
mance and robustness; Sensor 2 for ease of manu-
facturing and cost-efficiency.

6.4 Augmentation and Model Robust-
ness

The choice of augmentation pipeline significantly
influenced training efficiency and model generaliza-
tion. The grayscale setup, which applied 10 diverse
augmentations per image, performed best under
realistic noise and lighting conditions. However,
RGB pipelines—despite using only three augmen-
tations—achieved surprisingly competitive results.
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The noise-free RGB variant of Sensor 1 with sharp
images achieved the lowest force MSE (0.0488N2)
and highest shape classification accuracy (96.3%),
providing an upper bound on model performance
under ideal conditions. Importantly, this configu-
ration does not reflect deployment settings, as it
excludes jitter and Gaussian noise typically encoun-
tered in real-world images. Nevertheless, it serves
as a valuable reference point, revealing the model’s
learning capacity in controlled environments.

On the other hand, the noisy RGB pipeline—which
mirrors the grayscale augmentation logic but pre-
serves colour—offered an attractive balance between
speed and realism. Models trained with this method
completed significantly faster and required fewer
compute resources, making them practical for rapid
experimentation. Altogether, our findings align with
broader literature: augmentation strategies can reg-
ularise models, improve robustness, and reduce over-
fitting yet they must be matched to deployment con-
straints.

6.5 Advantages

This work introduces a tactile sensing system that
stands out for its simplicity, versatility, and reliable
performance. One of its key strengths is its low cost.
Each sensor can be assembled for under €200 using
standard, easily sourced materials. The modular
casing design allows users to quickly replace the
sensing material, making the setup ideal for rapid
prototyping, repairs, and long-term use.

In terms of responsiveness, the sensor captures
images at 50Hz, and the lightweight multi-task
model is capable of real-time inference. In practice,
when deployed on a standard laptop without GPU
acceleration, the full pipeline—including image
capture, model prediction, and visualisation via a
GUI—currently runs at approximately 10Hz. While
this already supports basic interaction and feedback,
performance is expected to improve significantly
with GPU-based inference or model optimisation
for embedded hardware. Exploring techniques such
as model pruning or quantisation could further
increase speed while reducing memory load.

The sensor also demonstrates strong robustness.
Despite differences in fringe clarity and internal
design, both Sensor 1 and Sensor 2 produced
reliable results, especially when the image quality
was sharp. This indicates that the system tolerates
moderate variation in manufacturing, lighting, or

material properties, reducing the need for extensive
recalibration across different sensor batches.

Efficiency in data collection and model training is
achieved through a well-structured augmentation
pipeline. By applying transformations such as ro-
tation, noise injection, and brightness changes, we
expanded the dataset significantly while preserving
the original labels. This helped the model learn un-
der diverse visual conditions without requiring addi-
tional time-consuming recordings.

Finally, the models themselves are compact and fast.
While ResNet-18 delivered the highest overall accu-
racy, the custom lightweight CNN achieved similar
results with far fewer parameters, making it suitable
for deployment on resource-limited platforms such as
mobile robots or wearable devices.

Altogether, these advantages make the system both
practical and scalable. Its low cost, real-time per-
formance, and adaptability to hardware constraints
position it as a promising solution for tactile sensing
in robotics, prosthetics, and interactive systems.

6.6 Limitations

While the system shows promise, several limitations
remain. First, bright reflections near the sensor’s
edge reduce fringe visibility and can introduce noise
in the model’s predictions. This limits the effective
sensing area. Second, the soft polyurethane sur-
face will degrade over time due to scratches or re-
peated indentation, negatively affecting image qual-
ity. Third, the current dataset only includes nor-
mal forces; while the model architecture supports
full 7D force prediction, including shear and torque
components. Lastly, shape classification was limited
to three classes: pentagon, rectangle, and “None”
(no contact). Expanding this set is necessary for
broader object recognition and generalisation. This
paper presents the models that are able to determine
forces from these fringes without the need of complex
equations based on the material and creation of each
sensor.

6.7 Future Work

Finally, generating data that includes shear
and rotational forces would allow the model to
fully leverage its multitask output head. Since the
architecture already predicts the full 7-dimensional
force vector, adding such labels would only require
modifying the loss function, not the model itself.
Beyond expanding the output space, this enhance-
ment would also improve real-world applicability:
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the model would no longer rely on the assumption
that the object is pressed perpendicularly onto the
sensor, enabling more accurate force predictions
under varied orientations and more natural, uncon-
strained contact conditions.

As a more ambitious direction, future work could
explore training the model on physics-based
ground truth using stress maps derived from
well-characterised materials. Although this would
increase the complexity of the setup and calibration,
it could yield more accurate predictions. This
direction has been suggested as better suited for a
longer-term project.

Expanding the model’s capability to reconstruct
unfamiliar shapes is another promising direction.
Preliminary tests showed that the sensor can detect
fine structural variations—such as cracks, dents, or
surface textures—suggesting potential applications
in inspection and quality control. For example,
the system was able to visualise the stitching
on denim fabric, indicating a spatial resolution
comparable to GelSight. Importantly, by focusing
on reconstructing the geometry or estimating the
centre of contact from arbitrary shapes, the model
could infer optimal grasping points without
needing to explicitly classify each object. This
would eliminate the need for extensive training on
every possible shape or class. Instead of stating
“this is a rectangle” or “this is a circle,” the system
could determine where to grasp based on physical
interaction cues—supporting more generalised and
adaptable robotic manipulation.

One promising direction is to incorporate tem-
poral information from video sequences. Rather
than treating each frame independently, the model
could analyse how fringe patterns change over
time. This temporal context would enable the
detection of dynamic events such as incipient slip,
object rolling, or gradual force buildup—phenomena
that are difficult to infer from single images. By
capturing and interpreting sequences of frames, the
system could track how contact forces evolve and
make more informed predictions about physical
interactions.

Another important step is to more extensively eval-
uate the system in real-world manipulation
tasks, such as robotic grasping, object placement,
or tool use. These scenarios introduce more complex
conditions—variable lighting, multi-object interac-

tions, and uncontrolled contact orientations—that
would test the model’s ability to generalise beyond
what is currently tested. Creating a dataset from
these real-world tasks could further support domain-
specific fine-tuning, allowing the system to adapt to
specific applications while maintaining robust and
accurate tactile inference.

Increasing the input resolution using square-
format cameras (e.g., 1920×1920 pixels) would also
allow a greater portion of the sensor area to be
used for predictions. However, this could introduce
new challenges, including increased noise due to
reflections, edge artefacts, or material inconsisten-
cies—especially near the periphery of the sensor.

A solution to this could be redesigning the illumi-
nation system to distribute light more evenly
across the sensor, which could eliminate bright LED
spots visible in some fringe images (see Figure 1),
thereby expanding the usable area for inference.

Continued model exploration remains valu-
able. Testing different machine learning model
architectures may lead to faster or more accurate al-
ternatives, particularly for deployment on embedded
systems. Collecting additional data—especially for
underrepresented shapes or contact regions—could
also strengthen generalisation.

Long-term durability is another aspect worth study-
ing. Quantifying how surface wear affects sens-
ing fidelity over time could help establish lifespan
estimates and usage guidelines. For comparison, the
GelSight sensor has been shown to endure up to
1000 repeated coin presses before replacement is re-
quired—a similar benchmark could guide future eval-
uation of these sensors’ robustness [23].

7 Conclusion

This work introduces a practical and scalable
approach to camera-based tactile sensing using
photoelastic fringe patterns. By designing two
sensor variants—one with a layered structure and
one with an integrated high-fringe layout—and
pairing them with a lightweight multi-task CNN,
we demonstrate how visual stress responses can be
turned into rich tactile information in real time. Our
models accurately estimate normal force, contact
position, and shape from a single image, making this
one of the first tactile systems to achieve full-field
multi-task inference using photoelasticity.
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Through careful comparisons, we find that image
sharpness plays a critical role in model performance.
Interestingly, even Sensor 1, which produces fewer
visible fringes, performs on par with the more
distinguished fringes generated by Sensor 2 when
well-focused. This suggests that simple sensors,
when paired with clear imaging and good data
preprocessing, can deliver high accuracy without
the need for intricate fabrication. Our findings
also emphasise that fringe clarity helps, but is not
strictly necessary—blurred and low-contrast images
still yield usable predictions, particularly when
paired with robust augmentation.

We explored three distinct augmentation pipelines
to study how colour, noise, and augmentation depth
influence generalisation. While grayscale images
with 10 augmentations produced the strongest
results, RGB models trained with fewer augmenta-
tions showed surprisingly competitive performance.
This trade-off between performance and efficiency
is especially relevant for fast deployment on limited
hardware. Furthermore, our RGB pipeline without
added noise reveals the upper limit of what the
model can learn under ideal conditions, though we
stress that such setups are unrealistic for deploy-
ment and serve primarily as controlled benchmarks.

A key strength of our system lies in its accessibility.
The full sensing stack—from sensor construction
to model inference—can be built at low cost using
off-the-shelf parts, with predictions running on a
standard laptop between 9 and 10.5Hz. While not
yet real-time, this performance is likely to scale
significantly with GPU acceleration or deployment
on embedded platforms. The modular archi-
tecture and open pipeline design make it easy to
adapt to new use cases, shapes, or sensor geometries.

Together, these results demonstrate that photoelas-
tic fringe patterns offer a rich, underutilised signal
for tactile sensing. With the right design, even sim-
ple hardware can yield high-resolution, low-latency
tactile feedback. This opens up new possibilities
for robot hands, prosthetics, and interactive systems
that need fine-grained control over contact forces.
Looking ahead, the system can be expanded to sup-
port torque, shear, or even contact material estima-
tion, paving the way for real-world, multimodal tac-
tile intelligence.
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Appendices

A Sensor Assembly

This appendix gives a reproducible, step-by-step guide to rebuilding the photoelastic tactile sensor (exploded
view in Figure 2).

1. Bill of Materials (§A.1)

2. Layer-by-Layer Build (§A.2)

3. 3-D-Printed Housing (§A.3)

A.1 Bill of Materials

Table 4: Bill of materials for one sensor unit.

# Component Vendor / Part Qty Unit (€)

1 Basler daA1920–160uc RGB camera (S-mount) Basler AG [6] 1 180
2 PMMA base, 60 mm Ø × 5 mm CNC-machined 1 0.5
3 Polyurethane (Clear Flex 30) layer, 3cm Smooth-On 1 0.5
4 Silver Mylar reflective film - 1 0.1
5 White LED ring, 24 mm ID, 12 px - 1 6
6 circular polarised filter - 1 0.5
6 3-D-printed housing (PET-G) — 1 —
7 M3 × 10 mm screws + inserts ISO 7380 6 0.15

A.2 Layer-by-Layer Build

Both sensors were created using an open silicone mold for the preparation of the sensory units with a cylinder
shaped cavity. The mold was made by casting silicone on a positive sample made of PMMA.

Version 1 — layered design: The different layers for this sensor are shown in Table 5. First, the
photoelastic layer was made by pouring the mixture of acrylic and thiol monomers into the mould and
letting them fully react and crosslink at room temperature. A transparent polymeric film was formed in
this way in the bottom of the mould. As a second step, the commercial polyurethane formulation was
mixed from the two components according to the instruction of the supplier. The mixture was degassed
under vacuum to remove any air bubbles, poured in the mould on top of the photoelastic film and then
let fully cure for a few days at room temperature. After this, the transparent polymeric sensor body was
removed from the mould. To make a reflective layer, a commercial transparent elastic adhesive formulation
was mixed with a mica-based silver pigment. A film with 200 micron thickness of the uncured fresh mixture
was made by a hand film applicator on a smooth PE surface. Immediately after this the sensor body was
placed on the film, the photoelastic layer facing and directly in contact with the reflective layer. The sensor
body was cautiously pushed into the reflective layer to remove any trapped air between the two materials.
The adhesive formulation was let to cure at room temperature for a day to form a silver colored thin film
coating on the sensor. After this step the sensor was carefully removed from the PE base. Finally, the
circular polariser film was attached to the polyurethane supporting layer by using a commercial transparent
adhesive. On top of the filter a transparent PMMA hard layer was also fixed with the same adhesive.
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Table 5: Layer stack of Sensor 1 (object side → camera side).

# Layer Thickness Material / description

1 Reflective layer 200 µm Flexible adhesive mixed with silver pigment
2 Sensory layer 1 mm Photoelastic polythio-ether film
3 Soft supporting layer 2 cm Transparent polyurethane
4 Polariser film Circular polariser
5 Solid base 5 mm PMMA plate

Version 2 — integrated design: In case of the improved second version of the sensor the thin photoe-
lastic and the polyurethane supporting layers were merged (as shown in Table 6), therefore the preparation
method was simplified. The new soft photoelastic gel material was casted in one single step in the silicone
mould. The mixture of acrylic and thiol monomers was first degassed under vacuum to remove any air
bubbles then poured into the silicone mould. The crosslinking reaction was accelerated by using elevated
temperature on a hot plate at 80°C. After 3-4 hours the mixture was fully cured and the soft polymeric
sensor was ready for further processing, as described before, adding the reflective layer, the circular polariser
filter and the PMMA hard layer.

Table 6: Layer stack of Sensor 2 (object side → camera side).

# Layer Thickness Material / description

1 Reflective layer 200 µm Flexible adhesive mixed with silver pigment
2 Soft sensory layer 2 cm Photoelastic polythio-ether gel
3 Polariser film Circular polariser
4 Solid base 5 mm PMMA plate

A.3 3-D-Printed Housing and parts

STL/STEP files and exact part specifications are archived at https://github.com/yannickser/

Real-Time-Multi-Task-Tactile-Sensing-Using-Photoelastic-Fringe-Patterns-and-Deep-Learning.
Figure 2 shows the CAD assembly.
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B Code Repository

All source code, pre-trained models, and helper scripts needed to reproduce the experiments in this thesis
are archived in the public repository

https://github.com/yannickser/

Real-Time-Multi-Task-Tactile-Sensing-Using-Photoelastic-Fringe-Patterns-and-Deep-Learning

The root directory of the repository contains a comprehensive README.md file that documents the entire
codebase, including data acquisition, data augmentation and preprocessing, model training, and live sensor
testing.
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