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Explainable Neural Networks for Incipient Slip
Sensing in Robot Tactile Learning

M.E.A. Polak

Abstract—Incipient slip detection plays an important role in human and robotic grasping. With the growing use of deep learning
in vision-based tactile sensing, the black-box nature of these deep neural networks (DNNs) makes it difficult to analyze, debug,
and validate their behavior and learned patterns. To fill this gap, eXplainable AI (XAI) methods have been introduced to shed light
into the DNN’s reasoning regarding incipient slip detection. These methods generate saliency maps, highlighting the relevant
regions in the input tactile image that resulted in the predicted degree of incipient slip. Temporal difference images have been
used to enhance the visualization of incipient slip and make saliency maps easier for human viewers to understand. Additionally,
this research evaluates several XAI methods based on criteria such as high-resolution, smoothness, and faithfulness. The
experiment examined 42 samples from the ChromaTouch tactile dataset, focusing on contact interactions with a flat object.
The results showed that Poly-CAM satisfies all three criteria by accurately highlighting markers while emphasizing their relative
importance in the DNN’s decision-making process. Overall, through visual analysis of saliency maps, our findings confirm that
DNNs have successfully learned to localize crucial deformation features for detecting incipient slip.

Index Terms—Explainable AI, Deep Learning, Vision-Based Tactile Sensing, Incipient Slip Detection, Frictional Safety Margin

✦

1 INTRODUCTION

For many years, robotic manipulation has been exten-
sively used in industries to perform repetitive tasks
in controlled environments. However, maintaining a
stable grasp during robotic manipulation is challeng-
ing, particularly when object contact parameters vary,
as in the case of grasping fruits and vegetables, or
in the presence of unexpected external perturbations
[1, 2]. Loose grips with insufficient grasping forces
can cause objects to slip, while excessive grasping
forces can damage objects [3].

When humans grasp an object, mechanoreceptors
located in their fingertips play a vital role in per-
ceiving tactile information regarding incipient slip,
which refers to the early stages of slippage that occur
before an object fully slips out of the hand [4, 5].
Through skin deformation and vibrations, humans
are capable of sensing incipient slip with high sensi-
tivity [6]. The brain receives this sensory information
and provides feedback to the muscle control system,
allowing humans to maintain enough grip to prevent
slippage, while being gentle enough to avoid damage
to the object in various circumstances [7]. Hence, the
integration of tactile sensors and feedback would be a
valuable addition to robots, since it can improve the
stability of grasping operations and enable them to
exhibit human-like dexterity [8].

Recently, vision-based tactile sensors have emerged
as a promising approach among various tactile sens-
ing technologies. They leverage the advancements
of computer vision to equip robots with a sense of
touch [9]. These sensors use a camera to capture high-
resolution tactile images, providing a visual represen-
tation of the deformation of contact between the soft
fingertip and grasped object [10].

Model-based techniques have traditionally been
used to detect incipient slip by inferring from the
marker displacement when the sensor deforms under
contact [11–15]. However, there has been a growing

Fig. (1) Explainable tactile perception framework. (a)
Grasping a strawberry using tactile sensors to capture raw
images of contact deformation (b) Temporal difference be-
tween tactile images taken before (T0) and after contact (Tn).
(c) Black-box neural networks can’t explain their decisions,
unlike humans. (d) Detecting incipient slippage based on
its degree where full stick (100%), incipient slip (100-0%)
and full slip (0%). (d) Saliency maps are a form of visual
explanation heatmaps that indicate which input features
were used by the DNN to generate its output decisions.

trend towards employing Deep Neural Networks
(DNN) for tactile sensing, driven by their remarkable
ability to autonomously learn hierarchical representa-
tions from high-dimensional tactile data [16–20]. Con-
sequently, robots can be trained more effectively to
process tactile data and predict incipient slip.

Unlike model-based approaches, DNNs are criti-
cized for their ‘black box’ nature owing to their intrin-
sic complexity (e.g. multiple hidden layers, non-linear
activations, etc.). As a consequence, the predictions
made by DNNs provide minimal or no understand-
ing of the underlying decision-making process [21].
This limitation becomes particularly concerning when
DNNs produce inaccurate predictions, as they often
struggle to generalize to new data in real-world ap-
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plications due to overfitting or susceptibility to adver-
sarial attacks [22]. The opacity of DNNs poses chal-
lenges for developers in identifying, diagnosing, and
addressing the causes behind these failures in such
scenarios. In response, various explainability methods
have been proposed to enhance transparency and
foster trust in AI systems [23, 24]. These methods seek
to provide insights into how these neural networks
arrive at a particular decision.

This study introduces a novel eXplainable AI (XAI)
framework specially designed to solve the black-box
nature of DNNs in tactile sensing. The proposed
framework (Figure 1) expands the application of XAI
beyond its typical domains, such as object recognition
tasks. The framework employs saliency maps as a
key component to validate the learned patterns and
reveal the reasoning of DNNs in estimating incipient
slip from tactile images. The incorporation of tem-
poral difference images enhances the interpretability
of these saliency maps, making incipient slip more
noticeable for human viewers. Furthermore, an in-
depth explainability experiment is conducted to de-
termine the most suitable XAI method for tactile sens-
ing. The evaluation process considers criteria such as
high-resolution, smoothness, and faithfulness of the
generated saliency maps.

This research aims to gain insight into the behavior
of DNNs and to verify their ability to recognize
deformation features in tactile images. By doing so, a
more profound comparison can be achieved between
different trained deep learning models.

2 RELATED WORK

This section provides an overview of the existing
literature regarding incipient slip detection in tactile
sensing, and highlights the necessity of eXplainable
AI in understanding neural network decisions.

2.1 Contact Mechanics of Slip
When a soft finger contacts with an object and tan-
gential force is applied, full slip does not occur im-
mediately but gradually evolves from incipient slip,
resulting in a stick and slip region within the contact
area, as shown in Figure 2. Increasing the tangential
force causes the slip region to spread from the bound-
ary towards the center of the stick region, and as soon
as it covers the entire contact area, full slip or gross
sliding occurs [12, 13]. The deformation of the sensor
surface can be used to analyze the incipient slip state
[25]. Vision-based tactile sensors, such as GelSight
[11, 14] and ChromaTouch [15, 26, 27], have been
developed due to their ability to capture deformations
in high-resolution tactile images, which makes them
well suited for incipient slip detection.

2.2 Incipient Slippage Detection
Detecting incipient slip is crucial for controlling the
grasp force and thus preventing grasp failures. How-
ever, solely classifying whether full slip has occurred

Fig. (2) This figure illustrates the contact mechanics and
resultant forces present when grasping a fragile object for
three scenarios, indicated by different values of Γ. Here, Γ
correspond to either the stick ratio (related to area stick/slip
region) or frictional safety margin (related to contact forces
and friction cone).

or not is insufficient because it could only provide
an early warning [28]. Consequently, feedback is only
provided once full slip has already begun, leading
to delayed grasp adjustment and the potential of
dropping the object. Furthermore, it does not specify
the amount of additional force required to prevent
slippage. To address this issue, it is crucial to ob-
tain fine and rich measurements of the slip state by
quantifying the degree of initial slip (Γ). This function
expresses the proximity of the current state to full slip,
as shown in Figure 2, and could serve as a parameter
for controlling grasp force [29, 30].

2.2.1 Human grasping
The degree of incipient slip can be characterized by
both the frictional safety margin and stick-ratio, as
shown in Equation 1. The frictional safety margin
describes the distance between the maximum avail-
able friction force of the contact F ∗

l and the current
external load forces acting on the object Fl [31]. From
Coulomb’s law, it follows that F ∗

l = µsFN , where
µs is static friction coefficient and FN is the normal
force. Similarly, the stick ratio is a measure of the
proportion of the stick region Astick in the contact
area Acontact.

Γ =
F ∗
l − Fl

F ∗
l

=
Astick

Acontact
(1)

A high value of Γ → 100% indicates full stick,
where excessive grasping forces can potentially dam-
age the object. Conversely, a low value of Γ → 0%
means that the contact is at the onset of slip, and even
slight perturbations in load forces or contact surface
could result in full slippage. While both measures are
valuable for understanding and predicting systems
subject to frictional forces, the frictional safety margin
is particularly relevant to human grasping. To ensure
secure grasp, humans generally apply additional grip
force during grasping to maintain a safety margin
of 20-40% of the minimum required grip force [32].
The specific margin range varies depending on the
task and contact conditions, but serves as a balance
between grasp stability and object safety [33].
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2.2.2 Model-based vs learning-based
The available methods to detect incipient slippage
from tactile images can be categorized into model-
based and learning-based approaches.

Model-based techniques have predominantly been
utilized to detect and track movement of markers
in the soft fingertip, enabling the extraction of a
displacement field. This displacement field serves as
a representation of contact and can be utilized to es-
timate the incipient slip state, as illustrated in Figure
3. Researchers have explored various contact models
to leverage the marker displacement field for this
purpose. Obinata et al. [29, 34] and Sui et al. [25, 28]
have investigated the estimation of the stick ratio.
Furthermore, Yuan et al. [35] and Dong et al. [13, 14]
proposed a novel method for incipient slip detection
using the GelSight/GelSlim sensor, which detects slip
based on the rate of change in the displacement
field. Despite the interpretability of these methods
by involving humans in the loop, their reliance on
accurately modeling the contact mechanics imposes
inherent performance limitations [36, 37].

Hence, DNNs are used for the purpose of end-to-
end learning in the detection of incipient slip from
tactile images (Figure 3). Given that slip is a spatio-
temporal event, several studies have developed deep
learning models that leverage temporal features in a
sequence of tactile images [16–19]. Nevertheless, pro-
cessing spatio-temporal signals is computationally ex-
pensive, posing a challenge for robots to react quickly
and avoid full slip. Calandra et al. [20] applied a Con-
volutional Neural Network (CNN) to predict grasp
outcomes based on difference images obtained from
the GelSight sensor. This method efficiently captures
temporal features by taking the time difference be-
tween pre- and post-contact images.

Although the aforementioned approaches achieve
high accuracy in detecting incipient slip, they only
classify whether incipient slip has occurred or not.
On the contrary, a notable exception is the work by
Dirk et al. [38]. They used the ChromaTouch tactile
sensor along with a lightweight CNN architecture to
predict the frictional safety margin as a continuous
value ranging from 0% to 100%.

2.3 Explainable AI
Despite the remarkable success of CNNs in solving
complex vision problems in various domains, their
lack of interpretability has been a matter of concern.
Although there are techniques to visualize activation
maps and filters in CNNs, they provide limited in-
sight into the overall decision-making process. Con-
sequently, XAI has become increasingly important
in unveiling the intricate mechanisms of DNNs by
tracing the path from input to output. Several XAI
techniques have been devised for computer vision,
including feature visualization and feature attribution
methods [39]. Feature attribution methods serve as
‘post-hoc’ explanations for trained black box models.

Fig. (3) Model-based vs learning-based.

They generate saliency maps that highlight the im-
portant regions of the input image that the network
is “looking” at to make a certain prediction. The
saliency maps serve as a method for weakly super-
vised object localization, aiding in the verification of
whether predictions are based on relevant features
[40]. Particularly in the field of tactile sensing, these
methods could offer valuable insights into the priori-
tization of markers by the neural network. They aid in
understanding how the DNN make decisions across
different contact states (stick, incipient slip, full slip)
and diverse contact conditions (e.g. forces, contact
area, and object surface properties).

2.3.1 Feature attribution

Within the scope of post-hoc attribution methods,
three families of methods can be distinguished, (1)
Gradient-based, (2) Perturbation-based, and (3) CAM-
based [41]. Gradient-based methods produce pixel-
level saliency maps by backpropagating the gradient
of the output through the network to the input image.
Perturbation-based methods, on the other hand, intro-
duce perturbations to the original input image and
analyze the consequential alterations in the model’s
predictions to ascertain saliency regions. CAM-based
methods employ a linear weighted combination of
activation maps from the final convolutional layers
and the predicted output. This is then upsampled to
the size of the input image for overlaying purposes.
Recent approaches in explainability often leverage
the advantages of different methods while addressing
their respective limitations.

2.3.2 XAI in tactile sensing

Certain studies have employed feature attribution
techniques to validate the learned patterns of DNNs
in touch processing tasks. Cao et al. [42] verified
the effectiveness of their Spatio-Temporal Attention
Model for tactile texture recognition through Grad-
CAM visualizations. Similarly, Han et al. [19] used
Grad-CAM visualizations to confirm the efficacy of
self-attention mechanisms in Vision Transformers.
This analysis demonstrated their capability to capture
the global context of tactile images for slip detection
and grasp outcome prediction.
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3 METHODOLOGY

This section covers the fundamental requirements
for the successful integration of XAI in the field of
tactile sensing. It explores the necessity of enhancing
the intuitiveness of the network’s input for human
viewers, the selection of appropriate XAI methods to
generate saliency maps that are clear and detailed,
and introduces a modified metric to assess the faith-
fulness of these saliency maps.

3.1 Temporal Difference Imaging

Temporal difference imaging captures changes in con-
tact by taking the time difference between pre- (T0)
and post-contact (Tn) tactile images. It allows for the
enhancement of visible changes that indicate the start
of slipping (incipient slip) and improves the ability to
differentiate between different contact states.

3.1.1 Spatio-temporal features
This study expands the previous research conducted
on the ChromaTouch tactile sensor [15, 26, 27, 38].
Here, a lightweight CNN was employed to perform
a single-output regression, aiming to predict the fric-
tional safety margin from raw tactile images. Unlike
other deep learning models that preserve the slip state
in memory, this method doesn’t utilize the temporal
features of slip. This is because such models tend
to be computationally expensive and aren’t suitable
for real-time applications. To address this issue, our
study uses temporal difference images. This approach
combines the benefits of both strategies by including
temporal features while preserving the 2D spatial
image. As a result, we establish a system that only
captures changes in deformation during interactions
with a soft fingertip and excludes irrelevant back-
ground information.

3.1.2 Visualizing incipient slip
In order to facilitate effective use of XAI in tactile
sensing and provide meaningful assistance to both
developers and end users, it is crucial for humans
to understand how incipient slip can be recognized
from tactile images. While XAI is intuitive for humans
in image classification, where the network should
highlight the object in the image, as humans can do
as well. This is not the case in tactile sensing, where
the deformations are often too small and subtle for
humans to notice. Hence, temporal difference images
are introduced to enhance the visibility of incipient
slip and aid human understanding. By subtracting the
initial tactile image (T0) from the current tactile image
(Tn), temporal difference images render changes in
contact over time. This process accentuates the over-
lap of markers (depicted as blobs) and unveils their
displacement caused by normal and/or frictional
forces. As a result, both the initiation of contact and
incipient slip become more visually distinguishable,
as illustrated in Figure 4.

Fig. (4) The figure illustrates raw tactile images, marker dis-
placement fields obtained through the method by Lin et al. [27],
and temporal difference images among the four contact states.

The contact states can be classified into four distinct
categories, each characterized by specific visual char-
acteristics. These categories include: (1) “no contact,”
represented by a black image where the markers of
both the initial and current tactile images perfectly
align; (2) “contact,” where all markers appear due
to the indentation of the dome; (3) “incipient slip,”
identified by the disappearance of markers located
above the center, while the bottom markers light up
due to stretching in the shear direction; and (4) “full
slip,” which shares similarities with incipient slip, but
with an intensified signal intensity.

3.1.3 Contact mechanics analysis
The visual representations of the four contact states
are further analyzed to assess their conformity with
the contact mechanics relevant to dome-shaped con-
tacts. According to the Hertz contact model, the
central region of the contact experiences the highest
pressure distribution when subjected to a normal
force. As a result, it also exhibits a higher signal-to-
noise ratio (SNR).

During the incipient slip stage, the displacement
at the bottom is more prominently visible due to the
combined effects of normal indentation and slippage
shear, while the opposite is observed for the top
part. This phenomenon can be further understood by
analyzing the marker displacement field (Figure 4).
Upon initial contact, a divergent vector field emerges
due to the peripheral stretching of the dome. With
increasing slippage (a lower Γ), the displacement
vectors in the bottom region progressively increase,
while the displacement field in the top region tends
towards zero. This occurs in the upper region due to
the counteractive effect of slippage shear against the
“divergence” resulting from the normal indentation.
Conversely, in the bottom region, the shear arising
from slippage accumulates with the “divergence”
induced by normal indentation. Consequently, larger
displacement vectors of the markers are observed in
the bottom region.
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3.2 Visual Explanations of Tactile Images
Previous research in vision-based tactile sensing has
shown that comparing various DNNs based solely
on performance metrics is inadequate [19, 42]. In-
stead, explainability methods should be employed
to ensure that the model has learned the correct
pattern and can take advantage of the new method
effectively. However, no research has been conducted
on comparing existing XAI methods in this field, as
well as evaluating their saliency-based explanations
on their faithfulness to truly reflect the network’s
decision. In this research, several XAI techniques are
evaluated on the basis of their human readability and
faithfulness.

3.2.1 Aesthetic Quality of XAI
To effectively apply XAI in vision-based tactile sens-
ing, it is crucial that the generated saliency maps (1)
are detailed by highlighting the individual markers
that are used in the decision, and (2) are clear and
easily understandable for humans. This ensures that
researchers can draw meaningful conclusions about
the DNN’s ability to comprehend the deformation
captured in tactile images.

Considering these criteria, three XAI methods will
be compared in this study. Examples of saliency
maps generated by these XAI methods for image
classification can be found in Appendix A. Analysis
of these samples has led to the formulation of certain
expectations. The widely used Grad-CAM [43] and its
variants may be limited by their low resolution and
inability to localize multiple instances of an object.
Consequently, these methods may not be suitable to
localize specific markers (condition 1) since it requires
highlighting precise details of the object features.
Conversely, gradient-based methods like Integrated
Gradients [44] can generate pixel-level saliency maps
but are often visually noisy, likely failing to meet
the human-readability criterion (condition 2). The
state-of-the-art Poly-CAM technique [41] emerges as
a promising choice, as it have shown to generate high
resolution and noise-free saliency maps.

3.2.2 Faithfulness of XAI
In addition to the aesthetic quality of the expla-
nations, it is essential to assess the correctness of
XAI methods in accurately representing the decision-
making process of DNNs. A faithful explanation
should highlight the features the model actually used
to make a prediction. If an explanation is not faithful,
it could mislead us into drawing incorrect conclusions
about the model’s behavior.

Two commonly used metrics for assessing the faith-
fulness of XAI explanations are deletion and insertion
[45]. To simplify, deletion is like removing pieces from
a jigsaw puzzle – we gradually take out the most
important pieces (or ‘features’) and see how it affects
the overall picture (or the model’s output). Insertion,
on the other hand, is like starting with a blank canvas

and gradually adding the most important pieces to
see how the picture improves.

For our study, we’ll be focusing on the dele-
tion metric, as it can be easily adapted to suit the
unique requirements of regression tasks. However, it
is important to acknowledge that these metrics were
primarily developed for image classification tasks,
which differ fundamentally from regression tasks. A
detailed summary of the deletion metric for image
classification can be found in Appendix B. In the
context of regression, the focus shifts from predicting
probability scores associated with classes to estimat-
ing a continuous output.

DAUC =
1

nmask

nmasks∑
i=0

deletion score (D)︷ ︸︸ ︷(
1− |ybase − ymask|

100

)2

DAUC ↓ =
1

ndata

ndata∑
j=0

DAUC

(2)

To make the deletion metric more applicable to
regression tasks, a modified version is proposed.
In simple terms, this modified metric is designed
to account for situations where removing important
features can either decrease or increase the model’s
output. Both these changes indicate a deviation from
the actual prediction. The metric is calculated using
a mathematical formula (see Equation 2), which in-
volves measuring the ‘area under the deletion score
curve’ (DAUC). This entails plotting a graph to ob-
serve how the prediction changes across different lev-
els of feature deletion. The resulting area under this
curve provides an overall score, with smaller values
indicating a more ‘faithful’ saliency map. To make this
clearer, a visual representation of the deletion process
is shown in Figure 5. The metric takes two variables
into account, namely the number of masked images
generated (nmasks) and the number of baseline im-
ages (ndata). Further details on these parameters will
be provided in the next section.

4 EXPERIMENTAL SETUP

The experimental design aims to ensure the repro-
ducibility of the study. It includes detailed informa-
tion about the training of DNNs, the evaluation of
their performance, and both qualitative and quanti-
tative assessments of the XAI methods.

Hardware components The ChromaTouch sensor
used in this study is based on the design by Scharff
et al. [15]. The sensor setup remains unchanged, and
an overview is shown in Figure 6.

Data Acquisition This study used an existing
dataset [38] consisting of ChromaTouch tactile im-
ages. This dataset exclusively examined contact inter-
actions between a flat object under distinct frictional
conditions: high friction (dry surface) and low friction
(surface sprayed with water). Incipient slip scenarios
were simulated by applying a load force on the object
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Fig. (5) Faithfulness of XAI. (a) Shows the baseline input image and output ybase. (b) The saliency map generated. (c)
Demonstrates a sample of the process in gradually removing the most important pixels and the affected output ymask.
(d) The curve illustrates the deletion scores as a function of the percentage of pixels removed from the input image.

with a pulling mechanism. Each trial involved the
acquisition of tactile images (roughly 800 images per
trial) throughout the transition between contact states
(Γ : 100% → 0%). Grasp forces spanning 0.5-2N were
randomly allocated in each trial to promote generaliz-
ability across various indentation depths. Tactile im-
ages were obtained from two sensors along with force
measurements from an embedded force sensor. Using
the formula described in Equation 1, the ground truth
values Γ were calculated and assigned to the images.
To analyze the DNN’s reasoning independent of the
effects of sensor fusion, our work has focussed on a
single sensor.

Fig. (6) ChromaTouch tactile sensor

Data splitting To mitigate prior generalization lim-
itations [38], a more balanced dataset was created
that uses data from four distinct days. The occurrence
of overfitting on a single day could be attributed
to fluctuations in contact conditions resulting from
humidity-induced variations in friction, as well as
potential changes in dome stiffness due to wear and
tear. The dataset was divided into three subsets:
training (128,043 samples), validation (15,839 sam-
ples), and testing (16,875 samples). The training set
encompassed samples from flat dry objects collected
on day one and a random 75% selection from days
two and three. The remaining 25% of samples from
these days formed the validation set. The fourth day
was exclusively reserved for the two distinct test sets,
involving dry and wet objects. This configuration en-
abled the evaluation of the DNN’s robustness against
fluctuations in the friction coefficient.

Training details To ensure a fair evaluation be-
tween CNNs trained on raw images and difference
images, the study adopted the ShufflenetV2 architec-
ture [46], as previously used by Dirk-Jan et al. [38].
The ShufflenetV2 model was loaded with the TorchVi-
sion library, and the original fully connected layer
was replaced with a single output neuron that repre-
sents the value of the frictional safety margin.

Training was performed from scratch using an
NVIDIA GeForce RTX 3060 Ti GPU, with an average
training time of approximately 2 hours. The training
process is based on the PyTorch Lightning [47] frame-
work, which incorporates mixed-precision training
and model checkpointing to save the best weights
achieved during training. The learning curves for
training and validation were logged to Weight &
Biases1 for experiment tracking.

This study used the novel Ranger21 [48] optimizer,
which integrates the latest deep learning optimization
techniques into a single optimizer, enhancing both
validation performance and training speed. The de-
fault hyperparameters associated with Ranger21 were
used in our experiments. Additional hyperparameters
included the MSE loss function, 25 epochs, image size
of 224x224, batch size of 124, and a learning rate of 8e-
4. Hyperparameter tuning was not conducted in this
study, as the chosen optimizer mitigates the sensitiv-
ity of the algorithm to its hyperparameters.

To prevent overfitting, a set of random image aug-
mentations was applied by using the Albumentations
[49] library. Slight rotations were incorporated to ac-
commodate scenarios where the direction of slip de-
viates slightly from the gravitational direction. More-
over, the inclusion of Gaussian noise and blur was
intended to improve the model’s resilience to minor
perturbations in the input images during inference.
Max normalization was chosen over standardization
in order to retain crucial details in the difference
images, as standardization sometimes resulted in the
loss of information.

1. https://api.wandb.ai/links/max-deep/l59koowi
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Performance evaluation The performance of the
neural network in predicting the frictional safety mar-
gins is assessed using unseen contact cases involving
both dry and wet conditions on the same flat object.
The evaluation metrics used are the coefficient of
determination (R2) and mean square error (MSE). The
R2 score is a vital metric that quantifies the regression
model’s goodness of fit. A higher value (ranging from
0 to 1) indicates a better fit between the model and
the data. The MSE scores provide information on the
accuracy of predicting the safety margin, where lower
values indicate better performance.

XAI evaluation Both visual and quantitative assess-
ments were used to evaluate the performance of three
commonly used XAI methods (Grad-CAM, Integrated
Gradients, and Poly-CAM). The visual assessment
involved inspecting the saliency maps for conformity
with the high-resolution and smoothness criteria from
3.2.1. Additionally, the quantitative assessment aimed
to measure the faithfulness of XAI methods in ac-
curately representing the importance of features, as
mentioned in 3.2.2.

The visual and quantitative assessments were per-
formed on a subset of 14 trials from the training set.
This subset was strategically chosen to ensure that
only the trials were considered where the predictions
align closely with the labels (up to ±3% deviation of
Γ). The visual assessment considered tactile images
with Γ values ranging from 100% to 0% in steps
of 20%. This selection aimed to thoroughly analyze
saliency maps across each contact state. This made it
possible to ascertain the learned patterns of trained
DNNs in discerning between high and low Γ con-
ditions. The quantitative assessment places further
emphasis on contact states near full slip, considering
only Γ labels of 0%, 20%, and 40%. This subset
encompassed a total of ndata = 42 instances.

In terms of implementation, Grad-CAM was
sourced from torchcam [50], Integrated Gradients
from captum [51], and Poly-CAM from GitHub2. Our
study used the +/- variant of Poly-CAM, which is
known for producing the best results. The saliency
maps produced by these XAI methods offered in-
sights into the relative importance of input features in
relation to the DNN’s output. These saliency values
were normalized between 0-1, and a Jet color bar was
used for visualization purposes. Normalization and
color mapping make it easier to identify and compare
relevant regions, improving the overall understand-
ability of the feature attribution results.

Regarding the masking process for the quantitative
assessment, the number of masks created is equal to
the size of the input image (nmasks = 224). When it
comes to removing regions in an image, one common
approach is to set the pixel values to a gray value
[45]. However, it’s important to note that alternative
methods exist, each with their own advantages and
disadvantages.

2. https://github.com/aenglebert/polycam

5 RESULTS

This section presents the performance evaluation
findings for both DNNs trained on raw and differ-
ence tactile images. Additionally, it offers a compre-
hensive review of the XAI assessment, considering
both quantitative and qualitative aspects. Finally, the
findings regarding the learned patterns of the DNNs
to estimate Γ from tactile images are presented.

5.1 Performance evaluation
The experimental results presented in Table 1 pro-
vides a performance comparison between Diff-
ShuffleNetv2 and Raw-ShuffleNetv2 models for both
dry and wet objects. In particular, Diff-ShuffleNetv2
has a 23% lower MSE along with a 5% higher R²-
score compared to Raw ShuffleNetv2. However, the
findings reveal that both models face challenges in
predicting Γ for wet objects, evident from the signif-
icantly higher MSE and lower R²-score. Despite this,
Diff-ShuffleNetv2 maintains a 21% lower MSE and
an even more substantial improvement of 16% in R²-
score.

TABLE (1) The MSE and R2 values for the two models
considering dry and wet contact conditions of a flat
object.

Model Dry Wet

MSE R2 MSE R2

Raw-ShuffleNetv2 1.87e−02 0.85 5.07e−02 0.57
Diff-ShuffleNetv2 1.44e−02 0.89 4.02e−02 0.66

Figure 7 illustrates the MSE scores for both dry and
wet objects across specific intervals of Γ. The figures
clearly show that the two models exhibit higher errors
when Γ is within the range of 0-30% in both con-
tact conditions. More specifically, concerning flat dry
objects, Diff-ShuffleNetv2 demonstrates a significant
lower MSE within the range of 0-30%, comparable
MSE values within the ranges of 30-40% and 70-
100%, and marginally higher MSE within the range
of 40-70%. On the other hand, for flat wet contact
surfaces, Diff-ShuffleNetv2 exhibits lower MSE in
general. However, its performance notably degrades
when Γ ranges from 0% to 10%, in comparison to dry
contact surfaces.

Fig. (7) The MSE scores across the binned range of Γ for
both dry and wet contact conditions.
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5.2 Visual Assessment of XAI
Visual inspection of saliency maps from XAI methods
involved a review of their resolution and smoothness
criteria. This evaluation is illustrated in Figure 8 for
the contact state Γ = 20%. A detailed comparison can
be found in Appendix C. The results show that Grad-
CAM produces saliency maps with smooth transi-
tions, but it tends to emphasize a single large region
rather than localizing specific markers of interest.
On the other hand, Integrated Gradients is able to
highlight the markers for Diff-ShuffleNetv2, yet it
encounters noise-related challenges. Determining the
relative importance among markers becomes arduous
in this case. Meanwhile, the saliency map for Raw-
ShuffleNetv2 is characterized by high levels of noise
and is hardly readable. In contrast, Poly-CAM stands
out by offering saliency maps that are easily read-
able and highlight the individual importance of each
marker.

Fig. (8) Visual comparison of the XAI methods applied
to Diff-ShuffleNetv2 (top) and Raw-ShuffleNetv2 (bottom).
The saliency map highlight the regions used by the model
to predict Γ (redder values indicate higher importance).

5.3 Quantitative Assessment of XAI
Table 2 presents a comparison of the faithfulness of
saliency maps generated by various XAI methods.
Among these methods, Poly-CAM achieved the best
score for both models. Interestingly, the XAI methods
applied to Diff-ShuffleNetV2 produced significantly
lower DAUC scores (> 38%) than Raw-ShuffleNetV2.
In fact, Integrated Gradients exhibited the largest
disparity (60%) between the two models. While Inte-
grated Gradients obtained the second-best score for
Diff-ShuffleNetv2, Grad-CAM obtained the second-
best score for Raw-ShuffleNetv2.

TABLE (2) DAUC scores (lower is better) of the three XAI
methods for the two models.

Model
XAI method GradCAM Integrated

Gradients Poly-CAM

Diff-ShuffleNetv2 0.33± 0.11 0.27± 0.16 0.20± 0.146
Raw-ShuffleNetv2 0.54± 0.10 0.68± 0.12 0.51± 0.20

To further examine the variations in DAUC values
between the two models and three XAI methods, the
faithfulness curves are presented in Figure 9. For a
more detailed view, refer to Appendix D. In the case
of Diff-ShuffleNetv2, the mean deletion scores exhibit

a gradual decrease as more pixels are removed from
the input image, regardless of the XAI methods. More
specifically, both Poly-CAM (green) and Integrated
Gradient (blue) exhibit a steep decline in deletion
scores even with the removal of a small percentage
of pixels. Conversely, Grad-CAM (red) shows higher
deletion scores (D = 0.7) in the initial stage when
approximately 10% of the pixels are removed, com-
pared to Integrated Gradients (D = 0.5) and Poly-
CAM (D = 0.3). However, it is intriguing to observe
that D of Integrated Gradients increases towards the
end, when around 50-80% is removed.

Regarding Raw-ShuffleNetv2, the D scores of the
XAI methods demonstrate a steep decline initially,
then remain relatively constant, and eventually ex-
perience a decrease when a significant portion of the
pixels are removed. It is curious to note that only
Integrated Gradients (blue) remains at an average
deletion score of 0.7 throughout the process (covering
approximately 10-95% of pixel removal), after which
it declines sharply. On the other hand, Grad-CAM
(red) initially has higher deletion scores (0-40% pixel
removal), but undergoes a more rapid decrease in the
subsequent stage (40-100% pixel removal) compared
to Poly-CAM. However, Poly-CAM (green) demon-
strates lower average deletion scores in the early
stages (0-55% pixel removal).

Fig. (9) Faithfulness curves of the XAI methods for Diff-
ShuffleNetv2 (left) and Raw-ShuffleNetv2 (right).

A more holistic understanding of the faithfulness
curves can be gained by visualizing the masking
process. The impact of masking the most salient input
features on predictions is shown in Figure 10 (refer
to Appendix E for the complete process). This visual
examination covers both trained DNNs and all three
XAI methods. A careful analysis of the results reveals
that in the case of Grad-CAM, the exclusion of the
highlighted features does not affect the prediction
ymask. In contrast, Integrated Gradients, generates
pixel-wise saliency maps, causing the masking pro-
cess to delete individual pixels rather than entire
regions. Despite the removal of a significant amount
of information, most markers remain visible. Inter-
estingly, Diff-ShuffleNetv2 achieves a lower deletion
score of D20% = 0.22 compared to D50% = 0.40 of
Raw-ShuffleNetv2, even though it removes a lesser
amount of information. In the case of Poly-CAM,
the removal of a relatively small but selective area
leads to the lowest deletion scores for both models
compared to the other XAI methods.
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Fig. (10) A visual comparison of removing all highlighted
features with saliency values > 0.5 from the input image for
Diff-ShuffleNetv2 (left) and Raw-ShuffleNetv2 (right). Here,
Dn is the deletion score where n% pixels are removed.

5.4 Neural Network Reasoning of Slip

Poly-CAM has demonstrated promising initial results
and has been further used to explore how neural
networks interpret and process deformation features
in tactile images. Saliency maps for the difference
tactile images are presented in Figure 11, and the
saliency maps for the raw tactile images are displayed
in Figure 12. These saliency maps unveil the regions
within tactile images that attract the DNNs’ interest,
thereby shedding light on how they learned to dis-
cern between high and low values of Γ.

Upon analyzing the saliency maps for Diff-
ShuffleNetv2, it is evident that the model focuses
primarily on two specific markers. These markers
alternately play a vital role in predicting the value
of Γ. For contact states with high Γ (100-60%), only
the upper marker is highlighted. However, as the
system approaches full slip (60-0%), the importance
of the upper marker diminishes while the prominence
of the center marker increases. Interestingly, when
examining the input image, the upper marker is
clearly visible for high Γ values and becomes less
visible as it decreases. The opposite holds true for the
center marker. Furthermore, the edges of the overlaid
markers, specifically its lower part, emerge as the
most crucial feature that the model is looking at.
This is clearly visible for both full stick and slip
contact states. When Γ reaches the range of 20-0%, the
model exclusively concentrates on the central region
of contact, disregarding the other markers.

The saliency maps of Raw-ShuffleNetv2 reveal the
model’s focus on markers situated exclusively in the
central contact region. This CNN demonstrates a
distinct emphasis on an alternative pair of markers.
The marker displacement field is used to analyze the
learned pattern because the raw input image is less
intuitive. Interestingly, for high values of Γ (100-60%),
the displacement vector of the upper marker points
towards the top side of the image, while it approaches

zero for Γ values of 40%, and points downwards for
low values of Γ (20-0%). In contrast, the displacement
vector of the center marker is almost zero for high
Γ values (100-60%), but points more downwards for
low Γ values (40-0%). This behavior is also reflected
in the saliency maps. Although the saliency maps of
the model indicate a primary focus on the central
region of contact, they do not completely disregard
the information from other markers. Upon closer
examination of the saliency maps, it is surprising to
observe that when Γ ranges from 40% to 20%, the
upper and left borders are also highlighted.

6 DISCUSSION

Improved Predictive Performance Employing tem-
poral difference images as input for DNNs, as op-
posed to raw images, has yielded improved perfor-
mance across both dry and wet contact conditions. In
fact, tactile difference images enhance the visibility of
how incipient slip evolves. This feature is leveraged
by the DNN to achieve more accurate and robust
predictions, especially in contact cases where the
system approaches full slip (Γ = 40-0%). However,
the current performance of the system is still not ac-
curate enough to be applied in realistic manipulation
scenarios. This is primarily due to the limited gen-
eralization capability of the trained models. Notably,
performance significantly degrades with a decreased
friction coefficient, such as with wet objects.

Aesthetic Quality of XAI A visual assessment was
conducted to evaluate various XAI methods. Among
the examined methods, only Poly-CAM satisfied the
criteria of producing high-resolution and seamlessly
smooth saliency maps. Grad-CAM, on the other hand,
produced smooth saliency maps but failed to local-
ize the markers individually. Conversely, Integrated
Gradients managed to localize the markers (only for
Diff-ShuffleNetv2), but the pixel-level saliency maps
were too noisy to make sense of them. The observed
noise reduction for Diff-ShuffleNetv2 might be due
to positive impact of background removal. Previous
studies [19, 42] have used Grad-CAM to explain
DNN’s outputs in similar touch processing tasks.
However, our findings show that only Poly-CAM can
precisely highlight markers, thereby offering a more
detailed explanation of the DNN’s decision.

Faithfulness of XAI This study has adapted the
original deletion metric [45] to suit regression tasks,
and used it to evaluate the faithfulness of saliency
maps. The findings revealed that Poly-CAM is able
to accurately localizes salient features with a high
degree of faithfulness. In contrast, Integrated Gradi-
ents yields slightly less faithful results, because of the
noisy saliency map. This distinction is particularly ev-
ident considering Diff-ShuffleNetv2. Specifically, the
faithfulness curve of Poly-CAM exhibits a sharper de-
cline without reaching a plateau, leading to the lowest
(DAUC) score. Yet, the relatively low DAUC scores
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Fig. (11) Poly-CAM visualizations for Diff-ShuffleNetv2 model across different contact states.

Fig. (12) Poly-CAM visualizations for Raw-ShuffleNetv2 model across different contact states.

of Grad-CAM for both DNNs are surprising, con-
sidering that the saliency maps failed to adequately
highlight the markers. Further investigation of the
deletion process has provided compelling evidence
regarding the lack of faithfulness in Grad-CAM expla-
nations. This is supported by the fact that removing
the highlighted features from the input image has
little to no significant impact on the prediction.

Limitations and Modifications of the Deletion
Metric It is crucial to acknowledge the limitations of
our metric. This has been noticed from the disparities
in the faithfulness curves between the two DNNs,
as well as the DAUC scores obtained by Grad-CAM.
These limitations stem primarily from the funda-
mental differences between image classification and
regression tasks.

The faithfulness metrics were initially designed
for image classification, where the gradual removal
of important features of the object in the image
would decrease the probability score of the target
class from one to zero. However, for regression tasks,
the removal of important features may potentially
alter the output. The extent of this deviation remains

ambiguous and depends upon the interplay between
the model and data. For instance, in the case of Diff-
ShuffleNetv2, progressively removing features from
images labeled with low Γ would likely result in a
prediction of Γ = 100%. This is because an image
lacking any markers is indicative of the “no contact”
scenario. On the contrary, for Raw-ShuffleNetv2, re-
moving the most important features causes some de-
viation in the prediction, but further removal of pixels
from the image has a minor impact (i.e. constant D
in the faithfulness curves).

An additional important aspect is the deletion pro-
cedure, which entailed progressively removing pix-
els until the entire image has been masked. This
methodology enables an assessment of whether the
explanations overlooked vital features or mistakenly
emphasized irrelevant features. However, employing
the AUC as an overall metric is considered an un-
fair comparison in our regression task. Particularly,
regarding Grad-CAM, upon erasing all highlighted
regions, it randomly eliminated other regions that
were not highlighted as important. As a consequence,
Grad-CAM attained a low DAUC score because it
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started to remove the central region (see Figure 16).
Hence, it is recommended that the deletion process
focus solely on computing the AUC for the initial
stage by considering only removing the highest fea-
ture importance. For instance, the deletion should be
stopped until all features with saliency values of > 0.5
have been removed from the input.

Moreover, the deletion method used might intro-
duce outliers, leading to masked images that deviate
from the distribution of natural input images. Hence,
it is recommended to modify the masking procedure
to align with the background, thus minimizing image
distortion. Specifically, it is advised to employ white
masking for raw images and black masking for dif-
ference images, as opposed to gray masking used in
the current approach.

Finally, it is essential to acknowledge that the
removal of specific markers results in the loss of
information, but there may still be other markers
within the image that could contribute to the accurate
prediction of the incipient slip state. In fact, Poly-
CAM visualizations for Raw-ShuffleNetv2 revealed
that markers outside the central region were not
completely ignored. This might have then played a
role in the relatively slower decline and stagnation of
the faithfulness curves for Raw-ShuffleNetv2.

Considering these limitations, it is not recom-
mended to directly apply explainability metrics de-
signed for classification to regression tasks without
careful consideration. Future research could explore
alternative faithfulness metrics that effectively ad-
dress these constraints, or just simply translate re-
gression problems into a multi-class classification task
[52]. By doing so, a more appropriate framework can
be established to evaluate the faithfulness of XAI
methods in regression tasks. However, treating the
task as a multi-class classification problem could pro-
vide a deeper understanding of the model’s certainty,
as opposed to relying solely on a continuous value
that may be difficult to interpret.

Validating the Learned Patterns of DNNs Overall,
our investigation has successfully identified the best
XAI method that is capable of generating saliency
maps characterized by high-resolution, smoothness,
and faithfulness. In addition, we enhanced the vis-
ibility of deformations in tactile images to aid in
the comprehension of input-related saliency maps. In
fact, raw tactile images lack intuitiveness since the
deformations are too subtle to notice for humans.
To address this issue, we introduced tactile differ-
ence images, which significantly improved the visual
rendering of deformations. Nonetheless, analyzing
the marker displacement vectors has proven to be
effective in interpreting saliency maps derived from
raw tactile images. With these advancements, we can
finally answer the research question of how these
DNNs interpret the deformation captured in tactile
images to predict incipient slip (Γ).

Interestingly, it can be concluded that Diff-
ShuffleNetV2 successfully localized the deformation
features that play a role in the discrimination between
high and low Γ. The identified pattern indicates that
the model gives significant importance to the edges
of the marker stretching when exposed to normal
and/or shear forces. This stretching represents the
change in marker location of the current tactile image
with respect to its reference. As a consequence, the
visibility/invisibility of two specific markers emerged
as a notable feature that has garnered significant
attention from the CNN.

In contrast, Raw-ShuffleNetv2 shows a tendency to
look at markers positioned within the central con-
tact area. The CNN learned to recognize the relative
displacements among markers, specifically character-
ized by the opposing directions of the displacement
vectors. This attribute has been identified as the key
feature for effectively discriminating between high
and low Γ. Additionally, the upper and left edges
of the image could have potentially functioned as
reference points to indicate the degree of marker
displacement along the x-y direction.

All things considered, both DNNs align with the
human domain knowledge obtained from the contact
mechanic analysis. They successfully detect defor-
mations of the soft fingertip occurring within the
central region of contact. However, it is important
to note that their underlying reasoning is not the
same. This happens because they render the defor-
mations differently. To elaborate, Diff-ShuffleNetv2
shows a more localized attention towards the edges
of marker stretching, whereas Raw-ShuffleNetv2 em-
ploys a more global strategy. To this end, it is antici-
pated that even a minor change in hyperparameters,
such as a different network architecture, can lead to
entirely new learned behaviors.

Future Research An intriguing avenue for future
research involves leveraging XAI to delve into the
fundamental factors contributing to the limited gen-
eralizability of DNNs when encountering unfamiliar
contact conditions and objects. Through the analysis
of saliency maps, a deeper understanding can be
achieved regarding the influence of various contact
conditions on the behavior of the model. This exami-
nation helps to clarify the underlying causes and spe-
cific scenarios where failures may arise. As a result,
it enables the development of proactive strategies
to mitigate these errors, leading to enhanced perfor-
mance and robustness of DNNs. In order to substan-
tiate this claim, it has been observed that humans
exhibit remarkable accuracy in detecting early signs
of slip, even when faced with diverse contact con-
ditions or when confronted with unfamiliar objects
[53]. Building upon this understanding, it is expected
that the insights provided by XAI can lead to a more
effective optimization of deep learning models and
improving their predictive performance.
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7 CONCLUSION

This study extensively explored the applicability of
XAI in the field of tactile sensing. Specifically, our
research aimed to enhance the transparency of DNNs
in the context of predicting the incipient slip state
from tactile images. To achieve this, we utilized fea-
ture attribution methods to create visual explanations
in the form of saliency maps. These saliency maps
shed light on the particular regions within tactile
images that influenced the predictions. Consequently,
an explainability framework has been developed to
elucidate the decisions made by black-box models
involved in processing tactile data.

Our methodology emphasized the crucial need to
improve the intuitiveness of DNN inputs, allowing
human comprehension of the saliency maps. In ad-
dition, our comparative analysis showed that Poly-
CAM emerges as the most suitable XAI method, as it
fulfills the criteria of high-resolution, smoothness, and
faithfulness. In light of this, we highly recommend
Poly-CAM for explaining the decisions of DNNs in
other touch-related tasks (e.g. touch detection and
texture recognition).

In conclusion, our explainability framework syn-
ergized intuitive input with the most effective XAI
method, enabling a comprehensive analysis and un-
derstanding of the neural network’s decision-making
process. Our results confirmed that the network can
effectively recognize markers correlated with incipi-
ent slip, while aligning with the contact mechanics of
deformation. More importantly, the enhanced clarity
and detailed explanations of Poly-CAM facilitated a
more nuanced comparison of DNNs regarding their
ability to identify salient deformation features.

The findings of our study make notable contribu-
tions to the progression of XAI in the field of tactile
sensing. Going forward, XAI holds promising poten-
tial as a valuable tool for debugging AI systems and
fostering human involvement in the machine learning
process. It can assist in developing well-informed
strategies to address the failures and limitations of
DNNs in tactile sensing applications.
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APPENDIX A VISUAL COMPARISON OF XAI METHODS IN IMAGE CLASSIFICATION

Fig. (13) Examples of saliency maps generated by three distinct XAI techniques, which were applied to a pre-trained
ResNet50 model for the purpose of image classification on the widely-used ImageNet dataset. The full comparison is
available in the study from Englebert et al. [41].
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APPENDIX B FAITHFULNESS OF XAI METHODS IN IMAGE CLASSIFICATION

In the context of image classification, the deletion metric (lower better) involves the iterative removal of the
most salient features from the input image, while observing the resulting impact on the model’s output.
The model’s output is represented by the probability score assigned to the predicted target class in the image.

For instance, in Figure 14, the network confidently predicted the presence of the ‘goldfish’ class in the
image with a probability of approximately 0.95. The XAI method generates saliency maps to highlight the
importance of each region for the model’s prediction. In the deletion metric, input features are masked
starting with the most important ones based on the explanations provided. The deletion curve depicts how
the probability score decreases progressively as more and more important features are removed.

A faithful saliency map should exhibit a substantial decrease in the probability score, ideally transitioning
from approximately 1 to 0. The swifter this drop occurs, the greater the faithfulness and localization of the
explanation. Conversely, a less faithful explanation would manifest a slower decline and may plateau above 0.
Such a pattern suggests that certain important features have not been sufficiently emphasized or that irrelevant
information has been highlighted. This observation is evident in the Grad-CAM [43] explanations, whereas
RISE [45] exhibits superior localization of salient features, resulting in the lowest AUC. The limitations of
Grad-CAM become apparent in this case, as it fails to effectively emphasize multiple objects that are actually
important and present in the input image.

Fig. (14) Estimation of importance of each region by RISE and Grad-CAM for a base model’s prediction, along with
‘deletion’ scores (AUC). See the full comparison here [45].
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APPENDIX C VISUAL COMPARISON OF XAI METHODS IN TACTILE SENSING

Fig. (15) Visual comparison of the XAI methods applied to Diff-ShuffleNetv2 across the contact states. The XAI methods
under consideration include Grad-CAM [43], Integrated Gradients [44], and Poly-CAM [41].

Fig. (16) Visual comparison of the XAI methods applied to Raw-ShuffleNetv2 across the contact states. The XAI methods
under consideration include Grad-CAM [43], Integrated Gradients [44], and Poly-CAM [41].

The computation time for generating saliency maps has also been considered. In the XAI evaluation set,
which consisted of 42 images, the average GPU processing time for generating a single saliency maps was as
follows: Grad-CAM took 0.029±0.017s, Integrated Gradients took 0.27±0.0073s, and Poly-CAM took 4.9±0.47s.
Poly-CAM explanations takes the most time, as it requires performing multiple input perturbations and
monitoring their impact on the output. Nevertheless, the saliency maps are highly detailed and clear.
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APPENDIX D FAITHFULNESS OF XAI METHODS IN TACTILE SENSING

Fig. (17) Faithfulness curves of the XAI methods for Diff-ShuffleNetv2 considering 42 samples. Here, Poly-CAM shows
a fast decline without stagnation; Grad-CAM shows a less steep decline but doesn’t stagnate; and Integrated Gradients
shows a fast decline but stagnates slightly before removing all the pixels.

Fig. (18) Faithfulness curves of the XAI methods for Raw-ShuffleNetv2 considering 42 samples. All XAI methods shows
a period of stagnation, with Integrated Gradients being the longest.
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APPENDIX E VISUALIZATION OF DELETION PROCESS

Fig. (19) Deletion process considering the saliency map produced by Grad-CAM for Diff-ShuffleNetv2 (top) and Raw-
ShuffleNetv2 (bottom). Despite the removal of all the significant features (5% of the input image), the prediction ymask

remains unchanged. This suggests that Grad-CAM did not effectively identify the truly important features. As the deletion
process progresses, random regions start to be removed. Notably, when the center region is removed for Diff-ShuffleNetv2
at 20% and Raw-ShuffleNetv2 at 40%, the prediction ymask deteriorates, and the deletion score decreases accordingly.

Fig. (20) Deletion process considering the saliency map produced by Integrated Gradients for Diff-ShuffleNetv2 (top)
and Raw-ShuffleNetv2 (bottom). The saliency map provides pixel-wise importance, and thus the masking process involves
removing pixels one by one. As more important features are removed, the predictions ymask for Diff-ShuffleNetv2 deviate
further from the correct outcome ybase, whereas the predictions ymask for Raw-ShuffleNetv2 plateaus after removing 10%
of the pixels. Despite the significant alteration of the image caused by masking, a majority of the markers remain visible,
which still can be used to infer the incipient slip state. This explains why the prediction is not significantly deprecated
(i.e. somewhat constant D).

Fig. (21) Deletion process considering the saliency map produced by Poly-CAM for Diff-ShuffleNetv2 (top) and Raw-
ShuffleNetv2 (bottom). The removal of all the significant features (10% of the input image), leading to a large deviation
of the prediction, (lower D). This means that the highlighted input features were indeed important to make the accurate
prediction. Notably, the prediction deviation decreases more rapidly for Diff-ShuffleNetv2 compared to Raw-ShuffleNetv2.
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