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Abstract

Soft Embedded Sensors with Learning-based Calibration for Soft Robotics

Tannaz Torkaman

In this thesis, a new class of soft embedded sensors was conceptualized and three novel sensors

were designed, fabricated, and tested for small force range soft robotic applications. The proposed

soft sensors were consisted of a gelatin-graphite composite with piezoresistive characteristics. Prin-

cipally, the sensing elements of the proposed class of soft sensors were moldable into any shape

and size; thus, were embeddable and scalable. The sensing elements were directly molded into soft

flexural structures so as to be embedded in the flexures. For each sensor, first a mechano-electrical

phenomenological model for the exhibited piezoresistivity was proposed and validated experimen-

tally. Afterwards, the sensors were subjected to a series of external forces to obtain calibration

data. Given the complexity of the piezoresistivity and intrinsic large deformation of the soft bodies

and sensing element, learning-based calibration approach were investigated. To compensate rate-

dependency and hysteresis effects on sensor readings in calibration, rate-dependent features were

selected for learning-based calibrations. Consequently, the first sensor of this research, i.e., one

degree-of-freedom (1-DoF) force sensor, exhibited a force range of 0.035-0.82 N force measure-

ment range with a mean-absolute-error (MAE) of 3.7% and a resolution of 4% of full-range. The

second sensor, i.e., 3-DoF had a measurement range of up to 0.3 N with an MAE of 0.005 N and

a resolution of 0.003 N. The third sensor, 6-DoF force-torque sensor, had a force range of up to

110 mN with an MAE of 7.4±6.5 mN and resolution of 1 mN and a torque range of 6.8 mNm

with an MAE of 0.24 mNm. Comparison with the state-of-the-art and functional requirements of

intraluminal procedures showed that the the proposed sensors were fairly compatible with the re-

quirement and showed improvement of the state of the art. The major contribution of this research

was to proposed a scalable sensing principle that could adapt its shape to the shape of the host body,

e.g., flexural robots. Moreover, this research showed nonlinear learning-based calibration is a fitting

solution to overcome limitations of the state-of-the-art in using soft elastomeric sensors.
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Chapter 1

Introduction

1.1 Background

1.1.1 Robotic assisted minimally invasive surgery

Studies on medical robotics and biomechatronic systems can be traced back to the 1970s when

open surgery began to be replaced. The traditional approach for surgeries, which dates back to the

1600s, includes gaining access to the internal organs through a wide aperture in order to facilitate

the safe manipulation of specialized tools and visibility of the processes. To perform surgery on the

heart’s valves or blood arteries, the typical procedure for cardiac interventions entails a wide chest

cavity incision. Thus, patients who undergo open surgery experience pain, infection at the surgical

site, excessive blood loss, and lengthy hospital stays after the procedure [1].

Minimally invasive surgery (MIS) became a better alternative to open surgery in the mid-1970s.In

contrast to open surgery, minimally invasive surgery (MIS) involves the use of long rigid, or flexible

surgical instruments that are inserted into the body through small incisions. The primary objective

of MIS is to complete a surgical procedure as safely and quickly as possible while causing the least

damage to surrounding tissue. Because of the benefits it can provide in terms of patient safety, pa-

tient comfort, healing time, shorter hospitalization, fewer complication rates, and distress, MIS is

becoming more popular as an alternative to open surgery [2]. However, due to the inaccessibility of

the MIS operating field, surgeons face numerous obstacles when executing their procedures [3].
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Figure 1.1: da Vinci robotic surgical system [4]

With the advent of robots in MIS, the precision and dexterity of surgical instrument handling sig-

nificantly improved [5]. Therefore, as a more accurate procedure, robotically assisted surgery is less

likely to result in patient harm [6]. The field of surgical robotics has advanced dramatically over

the past four decades, with rapt utilization causing a paradigm change that has had a quantifiable

favorable effect on surgical results. In addition, the integration of robotics with minimally invasive

surgery (MIS) has led to improved methods for overcoming some constraints of traditional open

surgery [1]. However, there is no natural haptic feedback in this procedure because the surgeon no

longer manually manipulates the device. Surgeons and robotics researchers believe that the lack

of haptic feedback in existing RMIS systems is a significant drawback [5]. The absence of haptic

input, which comprises kinesthetic (force) and cutaneous (tactile) feedback, might compromise the

surgery’s quality [7]. As a result, sensors are an essential part of this procedure. The use of a sensor

to measure tactile cues can ultimately improve surgical efficiency by boosting the surgeon’s situa-

tional awareness [5]. For that reason, Specific physical and functional requirements must be met by

sensors. They should be able to be scaled to fit in the required space. The sensor must also perform

in both static and dynamic circumstances, which is especially important for moving organs like the

heart [8]. Various characteristics, such as the required number of measured degrees of freedom

(DOFs) and the location of the sensing device, affect the nature of sensor design problems. While

6-DOF force and torque sensing are ideal, fewer DOFs may be adequate for many applications [9].
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Moreover, Sterilization is another important consideration in the design of sensing equipment, par-

ticularly those that may be introduced into the human body [10].

In surgical force sensing devices, several measurement approaches have been used, which were

developed mainly based on optical or electrical principles [11].

1.1.2 Applications of Tactile Sensors in MIS

At the site of contact between surgical equipment and tissues, tactile sensors are employed to

gather tactile data. Various physical qualities (e.g., softness and roughness) of tissue can be derived

from tactile data, depending on the modalities of the tactile signal. The surgeons are subsequently

provided with tactile input based on the observed physical qualities. In the vast majority of published

works, force feedback is the most prevalent type of tactile feedback, and force sensors are the most

commonly employed tactile sensors. There are two types of tactile sensors: the single-point tactile

sensor and the tactile array sensor [12]. In this section, research on providing force feedback with

the two tactile sensors listed above are reviewed.

Single-Point sensor

Typically, a single-point tactile sensor is placed on the tip of surgical equipment to confirm

object–sensor contact and detect tactile signals at the point of contact. In minimally invasive surgery

(MIS), force feedback is crucial for clinicians to consider the varying consistency of tissue. The

force feedback suggests that the active force is immediately applied to the operator’s hands, whereas

the active force is often associated with the reactive force from the tissue to the tools [12]. Numerous

studies examined the various application scenarios of force feedback in MIS:

• knot-tying: The initial factor is the force applied to the tool’s tip. This force is particularly

valuable for determining the thread’s tension. It is crucial to apply the correct amount of

tension while tying knots that are strong enough to hold but will not tear sutures or injure

tissue [13].

• Incision: The sensor must provide direct sensing of normal and shear forces at surgical in-

strument tips for the process [14].
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• Palpation: During tissue palpation, force feedback helps characterize tissue qualities to locate

lumps or tumors [15].

Tactile Array Sensor

A tactile array sensor consists of many single-point tactile sensors arranged in accordance with

specified rules. It is often a cuboid with M N tactile sensing units, where M and N represent the

number of rows and columns, respectively. In the previous decades, tactile data sensed by a tactile

array sensor was typically shown as a wave diagram with M N waveforms, where each waveform

represents a time-dependent physical quantity collected by a sensing unit [1].

1.1.3 types of soft sensors in MIS application

RMIS haptic feedback devices are continuously being developed and evaluated. The majority

only provide force feedback with poor fidelity. A few tactile feedback systems for RMIS have been

developed; however, their clinical viability must be demonstrated [5]. Researchers have examined

the physical and functional requirements of tactile sensors for surgical applications from multiple

perspectives. Currently, sensors can be identified as optical sensors or electrical sensors, as demon-

strated in Fig.1.2.

Figure 1.2: Tactile sensor categories proposed for minimally invasive surgery.
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Optical Sensors

Fiber optic sensors (FOSs) are increasingly being used in medical equipment and technology.

Since the late 1990s, when the first generation of in vivo pressure detection probes was marketed, a

significant amount of research has gone into producing a new generation of FOSs [16].

Figure 1.3: Traditional specialty optical fiber sensor schematic [17]

As shown in Fig.1.3, optical fibers are thin, flexible ”wires” constructed of glass or plastic that

can transfer light signals over vast distances with low loss. A sensing layer generates light sig-

nals. Light is transported through optical fibers to the sensing layer, where it is used to measure

the interactions between the analyte and the sensing layer using various optical phenomena [18].

Additionally, utilizing optical fiber technology offers a number of benefits. The sensors are bio-

compatible and resistant to electromagnetic interference. They can be put non-invasively against

external organs or surgically exposed surfaces. Moreover, because of their flexibility, they can be

inserted into body cavities [19]. Because of its low hysteresis and high precision detection, the opti-

cal sensor technology is a suitable solution. Magnetic resonant (MR) compatibility is an additional

advantage of optical fiber sensors. In the medical field, magnetic resonance imaging (MRI) is com-

monly used to examine living organs [20]. Also, the optical fiber contains no internal sensor circuit

reduces the complexity. Although optical fibers have a lot of potential for sensing instrument devel-

opment, there are several limits to using them. The measurement accuracy of intensity-modulated

sensors, in particular, could be decreased if the light signal is altered outside the transduction zone,

such as outside the fiber cables and at their connectors, due to bending and misalignments. As a

result, methods of avoidance or compensation, such as the use of a reference fiber, must be imple-

mented. Furthermore, many optical fibers are not as flexible as electric lines; they are readily broken

8



and typically require precise connections with other system components. Small fiber bending can

cause signal attenuation and fluctuation, which must be adjusted for, but large bending can cause

fiber core damage [21]. Moreover, these fiber optic sensors are sensitive to temperature changes and

have installation accuracy issues when embedded in soft robots [22].

Electrical Sensors

Electrical-based tactile sensors are the most commonly proposed sensing modality for MIS, and

the tactile transduction techniques currently in use are based on capacitive, piezoelectric, piezore-

sistive, and triboelectric tactile sensing approaches (TESM). Each of these transduction techniques

possesses specific properties.

Figure 1.4: Electric sensors’ sensing concept a) Capacitive, b) Piezoelectric, and c) Piezoresistive

[23].

Capacitive tactile sensing, demonstrated in Fig.1.4 a, is based on analyzing changes in the geom-

etry of a capacitor via changes in its capacitance due to mechanical factors. Two conducting plates

are separated by an insulating layer to form a capacitive sensor shown in Fig1.5. By adjusting their

relative position with an applied force, the distance between the plates and/or their effective area

is altered [24]. Capacitance is the ability of a capacitor to store electrical charge in a broad sense

[25]. Low power consumption, temperature independence, and long-term signal stability are all ad-

vantages of capacitive tactile sensors. They are, however, extremely susceptible to electromagnetic

interference and necessitate a sophisticated measurement circuit [26].
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Figure 1.5: Two layers of metallic electrodes are placed in three layers of polymeric packaging to

form a flexible capacitive force sensor [27].

Piezoelectricity is the collection of electric charge on the surface of a solid as a result of physical

stress. Such charge accumulation on one surface of solid results in an electrical potential difference

across the solid. As a result, the distorted solid functions as a capacitor. Yet, as electric charges

migrate from high potential to low potential, and in the absence of a physical barrier, such as a

dielectric, the charges migrate to low potential sites. Under constant mechanical stress, this causes

the piezoelectric effect to be transient (static loading) [11]. Piezoelectric tactile sensors have a high

sensitivity and dynamic response, making them good choices for dynamic pressure detection, such

as vibration detection and texture characterization. The piezoelectric effect occurs only when the

applied stimuli change, which limits the detection of static pressure [26].

Figure 1.6: the schematic of the multi-layer construction of piezoelectric soft skin [28].
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Resistive and piezoresistive strain sensors, in another hand, assess variations in resistance pro-

duced by changes in the geometry or resistivity of conducting materials [29]. Resistive tactile

sensors are made up of active materials placed between two opposing electrodes or placed on a pair

of in-plane electrodes. Active materials are typically composites formed of conductive components

and a matrix. When force is exerted on the sensor, the connections with conductive materials in a

porous matrix or the surface between the conductive materials and electrodes expand, significantly

lowering the resistance. The composition and geometric design of the active material are essential

drivers of the tactile sensor’s performance because it acts as both an electrical channel for current

flow and a flexible structure throughout the operation [26].

1.1.4 Piezoresistive Tactile Sensors

Resistance in sensors was introduced using several approaches. Changes in the dimensions of a

piezoresistive sensor due to applied force or pressure will result in changes in its resistivity, which is

the working principle of this type of sensor [30]. Several strategies have been proposed to integrate

the Piezoresistive sensor with MIS [31]. Bandari et al. [32] gathered the improvements for this

approach from the early studies in the area of intravascular neurosurgery when piezoresistive strain

gauges were used on silicon. The silicon base enables a better deformation while the resistance

in the gauges changes [33]. Later on, gauge strain sensors with the same principle were used to

provide haptic feedback for laparoscopy equipment such as grasper. High precision and the safety

of the body that is made of silicon rubber are the two significant advantages of this method [34, 35].

The variety of application and fabrication methods paved the way for researchers to introduce more

creative designs, whether the goal is to implement the sensor onto a da Vinci robotic system [36]

or a catheter-based cardiac surgery [37]. One of the features of a piezoresistive sensor that plays an

essential role in robotic surgery is its ability to exhibit an acceptable stretch [38]. While elastomers

were previously introduced to soft robots, using a conductive material embedded with the elastomer

is the key to creating piezoresistivity for sensing ability [39].
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Figure 1.7: PDMS pillars with 3D microfluidic channels inside [40].

The first solution is to microchannel liquid metals to the elastomer [41]. Conductive liquids were

introduced to provide the resistance needed in piezoresistive sensors. Low-melting-point metals and

metal alloys, as well as ionic liquids, are examples of conductive liquids. Since it is liquid at room

temperature and has lower toxicity than mercury, eutectic gallium–indium (EGaIn liquid metal) is

commonly employed as a conductive fluid (Hg). However, other conductive fluids, ionic liquids, and

ionic solutions, including aqueous sodium chloride, have been employed (NaCl). Ionic liquids and

eutectic gallium–indium have also been combined in soft strain sensors and utilized independently

in soft pressure sensors [42]. Although liquid metals have excellent conductivity, they cannot be

used at temperatures below their melting point, and their density is often substantially higher than

that of most elastomeric substrates. Ionic liquids have low density, are inexpensive but have low

conductivity, and frequently experience considerable temperature drift due to the temperature-ion

concentration correlation, as well as long-term instability due to electrolysis when subjected to elec-

trical current [43].

Various nanomaterials have been investigated for use as conductive materials. Nanoparticles (NPs)

with diameters ranging from 10 to 100 nm are being used in an emerging technique for robust

real-world applications of flexible sensors. Several investigations have demonstrated the capacity
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to manipulate the kind of NPs, beginning with cores consisting of pure metals such as Au (gold),

Ag (silver), Ni (nickel), Co (cobalt), Pt (platinum), Pd (palladium), Cu (copper), etc [44]. In recent

years, however, distinctive two-dimensional (2D) layered materials such as graphene, carbon nan-

otubes, carbon black, MXene, metal oxides, metal-organic frameworks, and conductive polymers

have been widely utilized in diverse piezoresistive sensor sectors. Compared to other conductive

materials, carbon-based materials have excellent mechanical properties, low density, and simple

storage and processing properties [45]. Yamada et al. fabricated carbon nanotubes on Polydimethyl-

siloxane (PDMS) substrate for wearable devices and successfully measured 280% changes in strain

[46]. For a better sense of strain, multi-walled carbon nanotubes were introduced, which are able to

work in higher strain ranges of 300% or more. The multi-walled carbon is also more durable and

better suited for long-term costs [47]. With the enhancement of 3D printing of multi-walled carbon

[48], studies were more focused on wearable designs and fabrications and not surgical aspects. De-

pending on their application, required sensitivity, cost, and mechanical properties, various types of

particles were used over time, such as carbon ink [49, 50], silver nanowires[51], copper nanowires

[52] and graphite [53].

Among various carbon-based materials, graphene has received increasing interest in piezoresis-

tive sensors owing to its superior mechanical properties, easy manufacturing technique, and excep-

tional conductivity [54]. Several methods can be used to use graphene with Polydimethylsiloxane

(PDMS). Graphene and Polydimethylsiloxane (PDMS) can be utilized in a number of ways. The

most commented method involves uniformly dispersing graphene in ethanol using ultrasonic waves

and then adding the PDMS primary agent to the graphene [55]. Laser-induced graphene (LIG) is

another way to break the layer structure of graphene. The sharp rise in the localized temperature

due to lattice vibrations by laser irradiation easily breaks the bond in graphene [56]. Although the

aforementioned strategies all indicate promising results, they are costly, and most cannot undergo

sterilization.
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Figure 1.8: graphene channel embedded in soft body [57].

The two-dimensional transition metal carbides and nitrides known as MXenes, as well as graphene

and its derivatives, are all extremely sensitive to changes in ambient conditions, including pressure.

A matrix made of conducting polymers, however, can improve the performance of other conduct-

ing or semiconducting structures based on charge transfer. Consequently, a wide range of tactile

sensors with specialized detecting qualities can be created thanks to the design of such CP-based

hetero-composites [58]. In terms of their work range and sensitivity, Table. 1.1.4 compares several

piezoresistive particles.

While using metal-impregnated emulsions for shape sensing is cheap, the proposed fabrication

methods are often complicated and costly. For example, in the proposed fabrication processes,

ultrasonication is necessary for the homogeneous dispersion of the metal particles and breakage of

the agglomerations [59]. In recent years, the hydrogel has been included in strain sensors. Hydro-

gels, with their unique characteristics of swelling behavior, flexibility, high biocompatibility, and

porosity, have proved their adaptability in numerous academic and industrial domains, including

biomedical engineering, sensor, and actuator [60]. Due to its flexibility and conductivity, gelatin

composite hydrogel can be employed as a mechanical sensor [61]. Later on, A multipurpose plat-

form for a highly recoverable tactile sensor and stretchable strain sensor based on polyvinylidene

fluoride (PVDF)-Ppy reinforced gelatin organohydrogel was reported [62]. Gelatin is a functional

protein made by partially denaturing natural collagen. Due to their unique porous structure, high

capacitance, flexibility, nontoxicity, superior biocompatibility, and biodegradability, gelatin con-

ductive hydrogels are regarded as potential materials for constructing flexible wearable sensors. A
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flexible ionic gelatin-glycerol hydrogel was developed by Hardman et al.[63].for soft sensing ap-

plications, as shown in Fig 1. The resulting sensor system can withstand strains of up to 454%, is

self-healing at room temperature, inexpensive and simple to manufacture, stable over extended pe-

riods of time, and biocompatible and biodegradable. Numerous reinforcing species (such as metal

nanoparticles, carbon-based compounds, and polymers) have been added to gelatin over the past

few decades, and the resultant gelatin conductive hydrogels exhibit amazing advances in various

respects [64].

Figure 1.9: Self-healing ionic gelatin/glycerol hydrogel strain sensor [63]

As previously mentioned, Due to their superior electrical conductivity, carbon materials, such

as carbon nanoparticles/nanowires/nanotubes, graphene, and graphene oxide, are ideal molecules

for building 3D-conductive networks within polymer matrices. In numerous investigations, the

combination of carbon compounds and gelatin yielded encouraging results [65, 66]. To obtain

great deformability, Hsiao et al. synthesized multi-walled carbon nanotubes (MWNTs) in a gelatin

solution [67]. Attention must be drawn that stretchable electronics based on hydrogels encounter

significant difficulty with dehydration. To prevent water molecules from evaporating and maintain

the structure of a hydrogel, techniques such as encapsulation by an elastic substrate and solvent

replacement are employed [68].

1.1.5 Graphene-based sensors

Due to their exceptional electrical conductivities and distinctive nanoscale flexibility, graphene-

based piezoresistive sensors are particularly appealing [79]. Highly flexible and sensitive sensors
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Table 1.1: Comparison of flexible piezoresistor-based tactile sensor.

Author Functional Material Working range Sensitivity

Ahmed et al. [69] Nichrome 0.266 to 2.248 N 1.25 V/N
Ma et al. [70] MXene - gauge Factor ∼ 180.1
Xu et al. [71] 3D graphene 66 kPa gauge Factor ∼ 584.2
Liu et al. [72] Graphene 90% of strain -
Boland et al. [73] Graphene - gauge factors ≥ 500
Jia et al. [74] Graphene oxide 100–200 Pa 178.1 kPa–1
Zhao et al. [75] Multiwalled⋆ ≤ 140 Pa 83.9 kPa–1

Lim et al. [76]
Hydrogel and
silver nanowires

20% of strain -

Zhang et al. [77] Copper 0–7 N 206.6 mV/N
Tata et al. [78] Carbon 0%–50% of starin 24.15 mV/ϵ (%)
⋆: Carbon nano-tube

have been created using graphene-based microstructures since graphene has been assembled in var-

ious forms of two-dimensional (2D) or three-dimensional (3D) macroscopic, freestanding construc-

tions using a few distinct processes [80]. By introducing flexible polymer into 3D graphene frame-

works or uniformly dispersing graphene sheets within flexible polymer matrices, graphene/flexible

matrix composites were created [81]. Due to their greater flexibility, flexible polymers like poly-

dimethylsiloxane (PDMS), Ecoflex, polyimide (PI), and polyurethane (PU) are frequently employed

as substrates or matrices [82]. Moreover, Due to their distinctive structural interconnectivity, high

porosity, and stable mechanical properties, 3D graphene architectures, such as foams, hydrogels,

aerogels, and sponges, were simple to infiltrate with liquid polymers [83, 84]. Incorporating hydro-

gen and graphite produces self-healing properties. For flexible devices that may be included into

fully functional applications, intrinsic self-healing based on molecular interactions with quick and

reversible healing capabilities, such as hydrogen bonding, is preferable to extrinsic self-healing for

strain sensors [85].

The functionality of sensors used in portable electronic devices should not be confined to a

single stimulus operating alone, such as strain, twist, or pressure [87]. Widespread applications

in multiple-degrees-of-freedom environments require multidimensional sensors capable of sensing

complicated multiaxial strains. Creating conductive networks with an anisotropic structure is one
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Figure 1.10: a) A diagram of the healing procedure. b) The network walls consist of intertwined
graphene flakes (transmission electron micrograph). d) Fracture exposes the carbon network walls
(scanning electron micrograph of a fracture surface). Capillary forces caused by polymer flow
bring the wall together, re-establishing the link between the network’s walls, while the polymer’s
reversible bonds allow for complete matrix repair [86].

method for designing multidimensional sensors capable of sensing multiaxial strains [88].

1.2 Motivations

The creation of smart tactile sensing systems remains a subject with numerous technical and

scientific obstacles. Strong interdisciplinary efforts are required not just for better tactile sensors

but also for adequate algorithms to deal with the collected data. Advances in materials, fabrication

processes, and signal processing can all help to improve smart tactile sensing [24].

Sonification is required to break the link between particles and conductive polymers when incorpo-

rating particles such as graphite into conductive polymers [90]. It is safe to assume that this method

is costly and complicated. Sonification should be eliminated to simplify and reduce the cost of the

procedure.
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Figure 1.11: Stretchable strain vector sensor capable of concurrently detecting strain directions and
amplitudes [89].

Sterilization was another major consideration during the sensor-making process [10]. Due to their

wire system, it is not possible for piezoresistive sensors to undergo sterilization; thus, the material

and manufacturing method must be inexpensive and simple so that the sensor is suited for single

use only.

1.3 Research objectives

To address the identified knowledge gaps outlined in Section 1.2, the specific aims of this study

were:

(1) To propose and validate a soft sensing principle for moldable elastomeric-based sensing,

(2) To identify an elastomeric composite and its associated fabrication process for molding and

encapsulation of the proposed composite into soft flexures,

(3) To develop an accurate calibration schema for the proposed soft sensors, and

(4) To prove the concept of the proposed embedded force-torque sensing for intraluminal mini-

mally invasive procedures.

1.4 Thesis layout

This thesis is prepared in manuscript-based style according to the ”Thesis Preparation and The-

sis Examination Regulations (version-2022) for Manuscript-based Thesis” of the School of Grad-

uate Studies of Concordia University. This dissertation includes five chapters with the following
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contents:

Chapter 1 presents the results of a critical literature review of force and shape sensors for soft robots

with regard to the state-of-the-art modeling approaches, methods, and knowledge gaps.

Chapter 2 describes the design, prototyping, and validation of the proposed one-degree-of-freedom

(1-DoF) soft force sensor. This chapter is based on the author’s following publication:

(1) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Analytical Modeling

and Experimental Validation of a Gelatin-based Shape Sensor for Soft Robots.” 2022 Inter-

national Symposium on Medical Robotics (ISMR). IEEE, 2022 [91]

The contribution of the second author was in preparation for the experimental setup and manuscript

drafting. The third and fourth authors’ contributions were in supervision, funding, and academic

advice.

Chapter 3 reports the second proposed sensor of this thesis which was a 3-DoF force sensor.

The contents of the chapter are partially based on the author’s following contribution:

(1) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Accurate Embedded

Force Sensor for Soft Robots with Rate-dependent Deep Neural Calibration.” 2022 IEEE

Conference on Robotics and Sensor Environments (ROSE). IEEE, 2022 (Accepted)

The contribution of the second author was in preparation for the experimental setup and manuscript

drafting. The third and fourth authors’ contributions were in supervision, funding, and academic

advice.

Chapter 4 presents the third proposed sensor of this research which was a 6-DoF force-torque

sensor for intraluminal procedures. The contents of this chapter were based on the author’s follow-

ing under-review contribution:

(1) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Embedded Six-DoF

Force-Torque Sensor for Soft Robots with Learning-based Calibration.” IEEE Sensors Journal

(under review)

The contribution of the second author was in the preparation of the experimental setup and manuscript
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drafting. The third and fourth authors’ contributions were in supervision, funding, and academic ad-

vice.

1.5 Contributions

This study was, to the best of the author’s knowledge, the first to address the limits of manufac-

turing and the complexity of present methods for producing piezoresistive sensors. Experimental

validation of the suggested sensing principle with nonlinear calibration was shown to be of enough

accuracy for intraluminal procedures, and the proposed mechano-electrical model of the sensing

principle and its validation were performed that allow future researchers to look into design opti-

mization.

The results of this research have been published as two conference papers and are under review

as a journal paper:

(1) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Analytical Modeling

and Experimental Validation of a Gelatin-based Shape Sensor for Soft Robots.” 2022 Inter-

national Symposium on Medical Robotics (ISMR). IEEE, 2022

(2) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Accurate Embedded

Force Sensor for Soft Robots with Rate-dependent Deep Neural Calibration.” 2022 IEEE

Conference on Robotics and Sensor Environments (ROSE). IEEE, 2022 (Accepted)

(3) Tannaz Torkaman, Majid Roshanfar, Javad Dargahi, Amir Hooshiar, ”Embedded Six-DoF

Force-Torque Sensor for Soft Robots with Learning-based Calibration.” IEEE Sensors Journal

(under review)
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Chapter 2

Analytical Modeling and Experimental

Validation of a Gelatin-based Shape

Sensor for Soft Robots

Shape sensing of soft robots has been a challenge due to the large deformation of the soft robots

and their low stiffness. In this study, a simple yet accurate soft sensor for soft robotic applications

with small force ranges was proposed, modeled, prototyped, and experimentally validated. The

proposed soft sensor is based on a gelatin-graphite composite that exhibited piezoresistive proper-

ties. The sensing element was molded to a cylindrical shape and was embedded in a soft flexural

structure as a common type of soft flexural robots. Afterward, a mechano-electrical model for pre-

dicting the changes in the resistance of the sensing element was proposed, and its predictions were

validated through an experimental study. To demonstrate usability for force sensing, the sensor was

calibrated with a nonlinear model and exhibited a force measurement range of 0.035-0.82 N with

an average absolute error of 3.7% and a resolution of 4%. Also, the mechano-electrical model was

fairly accurate in predicting the piezoresistivity phenomenon of the sensing element under large

bending deformations.
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2.1 Related Studies

Changes in the dimensions of a piezoresistive sensor due to applied force or pressure will re-

sult in changes in its resistivity, which is the working principle of this type of sensor [30]. Several

strategies have been proposed to integrate the Piezoresistive sensor with MIS [31]. Bandari et al.

[32] gathered the improvements for this approach from the early studies in the area of intravascular

neurosurgery when piezoresistive strain gauges were used on silicon. The silicon base enables bet-

ter deformation while the resistance in the gauges changes [33]. Later on, gauge strain sensors with

the same principle were used to provide haptic feedback for laparoscopy equipment such as grasper.

High precision and the safety of the body that is made of silicon rubber are the two significant ad-

vantages of this method [34, 35].

The variety of application and fabrication methods paved the way for researchers to introduce more

creative designs, whether the goal is to implement the sensor onto a da Vinci robotic system [36]

or a catheter-based cardiac surgery [37]. One of the features of a piezoresistive sensor that plays

an essential role in robotic surgery is its ability to exhibit an acceptable stretch [38]. While elas-

tomers were previously introduced to soft robots, using a conductive material embedded with the

elastomer is the key to creating piezoresistivity for sensing ability [39]. The first solution is to mi-

crochannel liquid metals to the elastomer [41]. The primary liquid metal used for this method is

eutectic gallium-indium (EGaIn) [92]; while it meets the conductivity requirement, the higher cost

compared to other methods and the complicated fabrication are considered to be the limitations of

this method [41]. Therefore in some other studies, saltwater is used as the conductive liquid. While

using NaCl is desirable because of the nontoxicity, in addition to the lower cost [93], its conductiv-

ity compared to other materials is not relatively high [41]. That is why metals were introduced to

tackle the issue. Using carbon-based fillers and nanoparticles enables the sensor to present higher

resistivity variation. When these metal particles combine with silicon polymers, they show better

flexibility and cost-efficiency [94]. Yamada et al. fabricated carbon nanotubes on Polydimethyl-

siloxane (PDMS) substrate for wearable devices and successfully measured 280% changes in strain

[46]. For a better sense of strain, multi-walled carbon nanotubes were introduced, which are able to

work in higher strain ranges of 300% or more. The multi-walled carbon is also more durable and
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better suited for long-term costs [47]. With the enhancement of 3D printing of multi-walled carbon

[48], studies were more focused on wearable designs and fabrications and not surgical aspect. De-

pending on their application, required sensitivity, cost, and mechanical properties, various types of

particles were used over time, such as carbon ink [49, 50], silver nanowires[51], copper nanowires

[52] and graphite [53].

While using metal-impregnated emulsions for shape sensing is cheap, the proposed fabrication

methods are often complicated and costly. For example, in the proposed fabrication processes,

ultrasonication is necessary for the homogeneous dispersion of the metal particles and breakage of

the agglomerations [59]. Recently, hydrogel-based biosensors have been introduced for biosensing

applications such as wound healing monitoring and motion sensing [95]. Such sensors consist of a

hydrogel matrix filled with an aqueous electrolyte. While the elastic properties of the matrix make

the hydrogel deformable, the electrolytic properties of the filler make it conductive. The choice of

the filler containing the hydrogel may exhibit piezoresistive [96] or piezoelectric [97] properties.

In addition, hydrogels exhibit unique properties such as full recovery after large deformations and

self-healing [98]. Moreover, Water-soluble additives such as tannic acid, sodium chloride, and zinc

sulfate can be mixed with hydrogel to provide more resistance change [98].

Among different hydrogels, Gelatin is the most extensively adopted for biomedical applications

because of its excellent biocompatibility and biodegradability [99]. In this study, the authors have

designed, fabricated, and tested a novel gelatin-based shape sensor for flexural soft robots. In the

following, the performance requirements, design of the sensor and the representative soft robot, and

multi-physics modeling of the gelatin-based sensing element, along with the fabrication process and

experimental studies, are provided.

Among different performance criteria, sensing range, resolution, root-mean-square error (RMSE),

and hysteresis have been emphasized for shape sensing in soft robots [100, 32]. For minimally in-

vasive surgery applications, the shape sensors are typically required to exhibit a measurement range

of 0 to 2 N, a resolution of 5% of the full-scale, i.e., 0.1 N, RMSE of less than 5% of full-scale, i.e.,

RMSE≤ 0.1N, and hysteresis of less than 5%. Typically for the estimation of hysteresis, a cyclic
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loading on the sensor is performed, and the hysteresis is estimated using [101]:

H =

∫ T

t=0
f(t)dv∫ T

2

t=0
f(t)dv

× 100, (1)

where H is the hysteresis as a percentage, t = 0 and T indicate the beginning and the ending times

of a given full cyclic loading, f is the mechanical stimulus applied on the sensor, e.g., force, and v

is the sensor’s output, e.g., voltage.

2.2 Contributions

The main contributions of this study were: 1) the addition of graphite micro-platelets to the

gelatin for inducing piezoresistivity, 2) proposing a new sensing principle for large deformation of

flexural soft robots, 3) mechano-electrical modeling of the sensing principle and its validation, and

4) experimental validation of the proposed sensing principle with nonlinear calibration.

2.3 Materials and Methods

2.3.1 Sensing Principle and Design

The sensing principle of the proposed sensor in this study is based on finding a nonlinear cor-

relation between the deformation-induced changes in the electrical resistance of a soft sensor. To

be applicable in soft robotics applications, the sensor’s stiffness shall be comparably less than the

robot’s stiffness to avoid deformability reduction caused by adding the sensor. Given that soft flex-

ural robots are typically made of soft elastomers, especially for surgical applications, the sensor’s

stiffness shall be significantly small [31]. Therefore, in this study, the authors have proposed a very

soft gelatin-based shape sensor for flexural robots and demonstrated its performance in a represen-

tative example.

To this end, a single-chamber soft flexure (soft body) was designed and reinforced with a linear

coil spring. Fig. 2.1 depicts the schematic geometrical design of the flexure. This type of flexural
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Figure 2.1: The structural design of the sensor with gelatin/graphite capsulated inside PDMS.

body is amongst the simplest structures for soft robots and has frequently been adopted for medical

applications, e.g., [102]. The flexural body had a central blind cylindrical chamber that served as a

mold and was filled with the proposed gelatin-based sensing element. Also, two copper wires were

placed at the bottom and top of the center during the molding that was used in a voltage divider

to measure the changes in the voltage between them. This design allowed for encapsulation of the

sensing element within the flexure would eliminate the concerns about the acute biocompatibility

of graphite used in the sensing element.

2.3.2 Fabrication

Fig. 2.2 shows the fabrication process for the soft body and soft sensor. To prepare the soft body,

a cylindrical mold as fabricated using a 3D printer (Replicator+, MakerBot, NY, USA) with poly-

lactide acid (PLA) filaments. Polydimethylsiloxane (PDMS) was prepared by mixing the PDMS

base (Sylgard 184, Dow Corning, MI, USA) with its curing agent in a 10:1 ratio [103]. The mixture

was stirred for 5 minutes to achieve homogeneity. The mixture was degassed by exposing it to 30

in-Hg vacuum pressure for 10 minutes. The mixture was afterward injected into a 3D-printed mold

while the coil spring was placed inside the mold. The mold was then rested for 24 hours at 25◦C

for the final setting.
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The soft sensing element was prepared by impregnating gelatin with graphite microplatelets (Graphi-

nox, India). As shown in Fig. 2.2, the gelatin sachets were soaked in 10◦C water for 2 minutes. The

soaked sachet was then transferred to 50 mL boiling water and stirred until completely dissolved.

Afterward, 5mL graphite micro-platelets were added to the solution, and the emulsion was stirred to

cool down to room temperature. The emulsion was afterward injected into the soft body’s chamber

using a 10mL injection syringe, while two copper wires were previously placed and secured into the

soft body’s chamber. The soft body was afterward kept at 4◦C for 2 hours until the gelatin was set.

After setting, the injection site on the chamber has sealed another layer of PDMS was encapsulated

in the soft sensor. The total encapsulation of the gelatin-based sensor after setting at 4◦C was also

crucial to avoid gelatin melting at room temperature as its confinement with PDMS does not allow

volumetric changes in gelatin necessary for melting.
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(a) (b)

Figure 2.2: Fabrication of gelatin and graphite mixture inside PDMS layer.
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Figure 2.3: Differential element of the sensing element under deformation.

2.3.3 Modeling and Mechano-electrical Simulation

The gelatin-graphite composites exhibit piezoresistivity; thus, their electrical resistance changes

while undergoing deformation. This phenomenon may be related to the deformation-induced changes

in the effective diameter and length of the sensing element inside the soft body. In the flexural soft

robots, the main deformation mode is bending, and the measurements of interest in soft robotic

applications are bending angle [31] and lateral tip forces [104, 105]. Therefore, the objective of the

modeling was to find the relationship between the electrical resistance of the sensing element and

the bending angle. Since the bending angle and lateral tip force are directly related, in this study,

the shape sensor was used to measure the lateral tip force as a surrogate for the bending angle.

The resistance of the sensing element R was modeled as a function of specific resistivity ρ, cross-

sectional area A, and length L. Before the deformation, the specific resistivity ρ of the sensing

element was obtained using its initial resistance R◦ :

R◦ = ρ
L◦
A◦

, (2)

Bending deformation would change both L and A as it induces longitudinal strain along the sensing

element. Since the sensing element was assumed incompressible because of its high water content

and elastomeric nature, the crossectional area of the sensing element would inevitably reduce to

compensate for its longitudinal elongation. Thus, during the deformation, the resistance of the
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sensing element would be:

(a) (b)

(c)

Figure 2.4: (a) Setup and a representative sample under compression test, (b) a stress-stretch dia-
gram for the PDMS sample, and (c) deformation of the finite element model.

R = ρ
L

A
, (3)

Fig. 2.3 compares the deformed and original shapes of an infinitesimally small element of the sens-

ing element. Assuming dS as the original length of the differential element and ds as its deformed

length, the incompressibility constraint necessitated:

Ads = A◦dS ⇒ A = A◦
dS

ds
(4)
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On the other hand, based on continuum mechanics, longitudinal stretch λ for a 1D differential

element under bending-induced elongation is:

λ =
ds

dS
=

L

L◦
, (5)

Thus, Eq. 4 was simplified to:

A = A◦λ
−1 (6)

Therefore, for a given deformed length L, the mechano-electrical model would predict an electrical

resistance of:

R = ρ

∫ L

0

ds

A
. (7)

Changing the Eulerian coordinates (deformed) to Lagrangian coordinates (original), the integral

simplified to:

R = ρ
1

A◦
λ2

∫ L◦

0
dS = R◦λ

2 (8)

Therefore, the sensing element would exhibit quadratic resistance change with the nonlinear stretch

caused by large bending. To simulate this phenomenon, the change in length of the sensing element

was simulated using the finite element method for a representative loading condition, and the com-

putational stretch was used to predict the change in the sensing element’s resistance. To this end,

the geometrical model of the sensor (Fig 2.1) was imported in Abaqus (R2021, Dassault Systemes,

France) and was meshed with tetrahedral meshes. Hyper-elastic material models were used for both

the soft body and sensing element. The mesh size was selected based on a mesh-independency test

on the total strain energy of the model. Also, Dirichlet and Neumann boundary conditions were

applied to the base of the soft body and sensing element. The tip of the soft body was subjected to a

downward 1N concentrated force. The material properties of the FEM solution can be seen in Table.

2.1. The average elemental stretch of the numerical solution was obtained and utilized to predict R.

Also, R◦ ≈ 329Ω was experimentally obtained using a multimeter on the prototyped sensor.
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2.3.4 Material Characterization

In order to obtain the mechanical properties of PDMS rubber and the sensing element, three

standard samples of each were prepared. The samples were cylinders of D◦ = 29mm diameter

and H◦ = 12.5mm height (Fig. 2.4(a)). The samples were molded in 3D-printed molds, were

prepared following the fabrication process explained in Sec. 2.3.2, and were tested as per ISO

7743:2017 [106] using a universal testing machine (Electroforce 2000, TA Electronics, DE, USA)

(Fig. 2.4(a). Each sample underwent four triangular compression cycles with a displacement rate

of 10 mm/min and a range of 0.625mm to 3.125mm, which corresponds to 5% to 25% compressive

strains, respectively. The first three cycles were considered as conditioning cycles; thus, the force

and displacement data of the fourth compression cycle was used for analysis. The stretch-stress

curves of the samples were obtained from the force (f ) and displacement (x) data and were fitted

with a two-term Mooney-Rivlin model (Eq. 9) [101]:

σ = 2(C10 +
C01

λ
)(λ2 − 1

λ
), (9)

where, σ = 4f
πD2

◦
was nominal stress in MPa, λ = 1 + x

H◦ was the compressive stretch, and C01

and C10 were the material properties. The fittings were performed using the Curve-fitting Toolbox

of Matlab 2021b (Mathworks, MA, USA). Fig. 2.4(b) shows a representative stress-stretch diagram

of a PDMS sample with the fitted 2MR model. The average goodness-of-fit among all the samples

was 0.9882 with a root-mean-square error (RMSE) of 0.004 MPa.

Although hyperelastic material model was used in this study, the author acknowledges the PDMS

soft body and the gelatin-graphite composite are hyperviscoelastic in nature. The hyperelastic as-

sumption here may lead to non-negligible error between theoretical prediction and experimental

findings. Nevertheless, the author has shown that with a rate-dependent neural calibration the rate-

dependency properties of the soft body can be adequately addressed. The main use of the proposed

simplified theoretical model was merely to show the phenomenological relationship between the

sensing element’s output voltage and external mechanical forces acting on the soft body.

Fig. 2.4(c) shows the displacement distribution on the soft body and sensing element. The

maximum vertical displacement of the tip of the deformed soft body was -13.44mm. This vertical
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Table 2.1: Material properties of the model components.

Material Hyperelastic model Coefficients

PDMS Two-termvMooney-Rivlin
C01=-0.3266 MPa
C10=0.3207 MPa

Sensing element Two-term Mooney-Rivlin
C01 = −5.9074× 10−5 MPa
C10 = 5.6102× 10−5 MPa

deformation resulted in a longitudinal stretch of λ = 1.01543 that corresponded to a relative change

in the resistance of (R−R◦)/R◦ × 100 ≈ 3.11%.

2.4 Experimental Validation

To preliminarily validate the mechano-electrical model, an experiment on the prototyped sensor

was performed.

2.4.1 Test Protocol and Setup

The soft sensor was installed on a 3D-printed housing platform. The platform was then mounted

on an ATI mini40 force/torque sensor (ATI Industrial Automation, NC, USA). Fig. 2.5 shows the

experimental setup for this study. The ATI sensor was used to measure the applied force on the

sensor applied by a desktop CNC device. Meanwhile, an Arduino Uno was used to measure the

voltage changes in the sensor. The sensor was serialized with a 300Ω resistor to form a voltage

divider circuit together bridged to +5v excitation. The CNC device was programmed to apply a

15mm sinusoidal vertical displacement with a frequency of 1Hz at the tip of the soft body. Then

displacement cycles were performed.

2.4.2 Results

The temporal changes in the resistance of the sensor captured during the experiment and the the-

oretical prediction are shown in Fig. 2.6. The results show a fair agreement between the theoretical

prediction and experimental results. The maximum error between the theory and experiment was

3.18Ω at the end of the fifth cycle, which corresponded to a relative error of approximately 1% of

the initial resistance R◦ = 329Ω. In spite of the large deformation of the soft body and sensor, the
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Figure 2.5: Test setup for experimental validation.

model was fairly accurate in capturing the effect of geometrical changes on the sensor resistance.

The authors believe capturing the effects of geometrical nonlinearity (large deformation) through λ

into the model has contributed to the model’s accuracy.

Fig. 2.6(b) shows the variation of the sensor voltage V with the tip lateral force F . This figure shows

two plateaus for forces approximately less than 0.035N and more than 0.820N that show the lower

and upper bound of the range of the sensor. The lower band is mainly affected by the sensitivity of

the sensing element to low forces, and the upper bound mainly happens due to the saturation of the

sensing element, beyond which the sensor cannot measure the force. By changing the geometry of

the design, the model is capable of capturing the required force range. However, the implemented

force in the setup is within the acceptable range for the ablation procedure. To demonstrate the

usability of the proposed sensing principle, the F–VOUT relationship of the sensor was fitted with

a nonlinear model that could smoothly capture both lower and upper bounds. Eq. 10 shows the

proposed calibration model. Matlab curve fitting toolbox was used to determine the calibration co-

efficients summarized in Table 2.2. While saturation of the sensing element could not be captured

with the proposed model, the initial plateau for low forces could be captured as the low forces cause

a negligible longitudinal stretch in the sensing element, but it drastically increases when bending

is beyond small deformation (≈ 5◦ angle). Considering a full-scale force range of 0–0.94N in this
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Table 2.2: Calibration coefficients of the sensor and goodness-of-fit (R2)

Fitting Parameters Goodness-of-fit

a b c d R2

0.2308 0.02445 22.68 121.6 98%

experiment and with the average error between the calibration function and the ground truth force

measured at 0.038 N, the relative average error to full-scale was 4%. Moreover, the resolution of the

force sensor was 0.035, which corresponded to 3.7% of the full-scale. Also, the evaluation of Eq. 1

on the temporal variation of the experimental and calibration data showed that the hysteresis of the

calibration model was zero, while the experimental data exhibited a hysteresis of 7.4%. Thus, the

calibration model was unable to compensate for the intrinsic hysteresis of the sensor. The sensor’s

intrinsic hysteresis is related to its viscoelastic nature and its high water content.

F =
a

(b+ c · e−d·VOUT )
(10)

2.5 Summary

In this paper, the combination of gelatin and graphite was used as a piezoresistive sensor cap-

sulated inside PDMS to form a soft sensor. The proposed sensor was modeled, and the model was

validated experimentally. Also, the force-voltage characteristic diagram of the sensor was calibrated

with a highly nonlinear model. The performance of the calibrated sensor showed its compatibility

with the range and resolution requirements for soft robotic applications in the surgical field however,

the proposed calibration model could not capture the intrinsic hysteresis of the sensor. For future

work, the hysteresis property will be added to the proposed model and validated against the exper-

imental result. The demonstrated usability of the proposed sensor and the proposed method will

allow the researchers to optimize the shape of the sensor to maximize the shape sensor’s sensitivity

to deformation through simulation-based geometrical optimization of the shape, length, location,

and cross-sectional area of the sensing element. Also, the simplicity of fabrication of the proposed
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(a)

(b)

Figure 2.6: (a) Comparison of the experimental and theoretical changes in the resistance of the
sensor, and (b) calibration curve of the sensor for force range from 0.035N to 0.82N.
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sensor facilitates its application, especially as a disposable medical device. In future studies, a

voltage-rate-dependent calibration model could be investigated to capture the sensor’s intrinsic hys-

teresis. Also, multiple sensing elements at different locations of flexure can be studied to measure

the 3D deformation of flexures. Moreover, optimized geometrical routing of the sensing element

may facilitate 3D deformation measurements with a single sensing element.
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Chapter 3

Accurate Embedded Force Sensor for

Soft Robots with Rate-dependent Deep

Neural Calibration

Embedding force sensors on soft robots have been a major challenge impeding accurate feed-

back control of soft robots. A major challenge in embedding force sensors onto soft robots is their

rigidity, size, and shape. In this study, a soft smart polymer-based soft sensor for soft robotic ap-

plication is proposed, prototyped, calibrated, and tested for force prediction accuracy. The sensing

element of the proposed sensor was made of gelatin-graphite composite that we previously showed

its piezoresistivity. Three sensing elements were molded into a soft body (soft robot), and vari-

ation of the voltage across them was measured in real-time in response to the external load. A

rate-dependent deep neural calibration network was trained with the three voltages and their tem-

poral rates when the soft body was subjected to tri-axial external forces in the range of ±0.3 N.

Afterwards; the calibrated sensor was used in a series of validation tests to assess its accuracy.

The proposed calibration showed the goodness of fit of R2 =0.98 with the mean-absolute error of

0.005 N. Also, the sensor exhibited mean-absolute errors of 0.007± 0.005 N, 0.008± 0.006 N, and

0.011 ± 0.008 N for estimating the external forces along the x, y, and z directions. Moreover, the

proposed calibration did not exhibit observable hysteresis thanks to its rate-dependent calibration
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schema.

3.1 Related Studies

Fig. 3.1 depicts a schematic and representative use case of soft robots for intraluminal appli-

cations. Resistance in sensors was introduced using several approaches. Conductive liquids were

introduced to provide the resistance needed in piezoresistive sensors. Low-melting-point metals and

metal alloys, as well as ionic liquids, are examples of conductive liquids. Since it is liquid at room

temperature and has lower toxicity than mercury, eutectic gallium–indium (EGaIn liquid metal) is

commonly employed as a conductive fluid (Hg). However, other conductive fluids, ionic liquids, and

ionic solutions, including aqueous sodium chloride, have been employed (NaCl). Ionic liquids and

eutectic gallium–indium have also been combined in soft strain sensors and utilized independently

in soft pressure sensors [42]. Although liquid metals have excellent conductivity, they cannot be

used at temperatures below their melting point, and their density is often substantially higher than

that of most elastomeric substrates. Ionic liquids have low density, are inexpensive but have low

conductivity, and frequently experience considerable temperature drift due to the temperature-ion

concentration correlation, as well as long-term instability due to electrolysis when subjected to

electrical current [107]. In recent years, distinctive two-dimensional (2D) layered materials such as

graphene, carbon nanotubes, carbon black, MXene, metal oxides, metal-organic frameworks, and

conductive polymers have been widely utilized in diverse piezoresistive sensor sectors. Compared

to other conductive materials, carbon-based materials have excellent mechanical properties, low

density, and simple storage and processing properties [45]. Among various carbon-based materials,

graphene has received increasing interest in piezoresistive sensors owing to its superior mechanical

properties, easy manufacturing technique, and exceptional conductivity [54]. Several methods can

be used to use graphene with Polydimethylsiloxane (PDMS). Graphene and Polydimethylsiloxane

(PDMS) can be utilized in a number of ways. The most commented method involves uniformly

dispersing graphene in ethanol using ultrasonic waves and then adding the PDMS primary agent to

the graphene [55]. Although the aforementioned strategies all indicate promising results, they are

costly, and most cannot undergo sterilization.

38



Figure 3.1: Schematic view of a soft robot in a force-sensitive surgical procedure, i.e., cardiac
intervention.
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In recent years, the hydrogel has been included in strain sensors. Hydrogels’ unique characteris-

tics of swelling, flexibility, high biocompatibility, and porosity have proved their adaptability in

numerous academic and industrial domains, including biomedical engineering, sensor, and actuator

[60]. Due to its flexibility and conductivity, gelatin composite hydrogel can be employed as a me-

chanical sensor [61]. Gelatin is a functional protein made by partially denaturing natural collagen.

Due to their unique porous structure, high capacitance, flexibility, nontoxicity, superior biocom-

patibility, and biodegradability, gelatin conductive hydrogels are regarded as potential materials for

constructing flexible wearable sensors. Numerous reinforcing species (such as metal nanoparticles,

carbon-based compounds, and polymers) have been added to gelatin over the past few decades, and

the resultant gelatin conductive hydrogels exhibit amazing advances in various respects [64].

As previously mentioned, Due to their superior electrical conductivity, carbon materials, such as

carbon nanoparticles/nanowires/nanotubes, graphene, and graphene oxide, are ideal molecules for

building 3D-conductive networks within polymer matrices. In numerous investigations, combining

carbon compounds and gelatin yielded encouraging results [65, 66]. Attention must be drawn that

stretchable electronics based on hydrogels encounter significant difficulty with dehydration. To pre-

vent water molecules from evaporating and maintain the structure of a hydrogel, techniques such

as encapsulation by an elastic substrate and solvent replacement are employed [68]. Previously,

the authors have proposed a novel gelatin-based shape sensor for flexural soft robots[91] . As the

concept is proven in the previous work, in the current study, a three-chamber sensor is fabricated

and tested to enhance further the detection of the direction of forces and torsion.

3.2 Contributions

This study aimed at developing a soft embedded tri-axial force sensor capable of being struc-

turally integrated with soft robots. The study contributes to 1) the development of highly accurate

force sensors for soft robots, 2) the development of a learning-based calibration schema as an ex-

tension of previously analytical calibration schema, and 3) capturing the intrinsic rate-dependency

of soft sensors through deep neural calibration with temporal rates of sensor voltages.
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3.3 Materials and Methods

3.3.1 Sensing Principle and Design

The proposed sensor’s sensing method is based on the discovery of a nonlinear relationship

between the deformation-induced changes in the electrical resistance of a soft sensor. To be suitable

for soft robotics applications, the sensor’s stiffness must be comparable to that of the robot in order

to minimize deformability loss due to the sensor’s addition. Given that soft flexural robots are

often constructed of soft elastomers, particularly for surgical applications, the stiffness of the sensor

should be minimal [108]. As a result, the authors have suggested and shown the performance of an

extremely soft gelatin-based shape sensor for flexural robots in this work.

The proposed sensor’s sensing method is based on the discovery of a nonlinear relationship

between the deformation-induced changes in the electrical resistance of a soft sensor. To be suitable

for soft robotics applications, the sensor’s stiffness must be comparable to that of the robot in order

to minimize deformability loss due to the sensor’s addition. Given that soft flexural robots are

often constructed of soft elastomers, particularly for surgical applications, the stiffness of the sensor

should be minimal [108]. As a result, the authors have suggested and shown the performance of an

extremely soft gelatin-based shape sensor for flexural robots in this work.

To demonstrate how the theory works, we constructed and tested a single-chamber sensor. While

the single-chamber sensor has a relatively average inaccuracy of 4%, our past study indicates that

it is unsuitable for measuring the direction of force and torsion. Increased sensing nodes, im-

proved sensor combinations, and novel reconstruction algorithms are all approaches to increasing

soft robotic perception accuracy [109]. As a result, we designed a multi-chamber sensor to provide

a more precise measurement of the force’s direction.

Fig. 3.2 shows the flexure’s schematic geometrical design and fabrication process. This form

of the flexural body is one of the most straightforward constructions for soft robots and has been

extensively used in medical applications, e.g., [110]. The flexural body had a central blind cylindri-

cal chamber that acted as a mold for the suggested gelatin-based sensing element, which consisted

of three chambers. Additionally, during the molding process, two copper wires were put at the
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bottom and top of each chamber, which was employed in a voltage divider to measure the voltage

differences between them. This design enabled for encapsulation of the sensing element within the

flexure, alleviating worries regarding the sensing device’s acute biocompatibility.

Due to the piezoresistance of the gelatin-graphite composites, their electrical resistance varies when

deformed. This phenomenon may be attributed to variations in the effective diameter and length

of the sensing element caused by deformation within the soft body. The primary mechanism of

deformation in flexural soft robotics is bending, and the parameters of importance in soft robotic

applications are the bending angle [31] and tip forces [111]. Thus, the modeling purpose was to

determine the connection between the sensing element’s electrical resistance and bending angle, as

well as torsion.

The sensing element’s resistance R was modeled as a function of its particular resistivity ρ, cross-

sectional area A, and length L. Prior to deformation, the sensing element’s specific resistance ρ was

determined using its initial resistance R◦:

R◦ = ρ
L◦
A◦

, (11)

Twisting and bending deformation alters both L and A due to the longitudinal strain induced along

the sensor element. Due to the sensing element’s high water content and elastomeric nature, its

cross-sectional area would necessarily decrease to compensate for its longitudinal elongation. Thus,

during deformation, the sensing element’s resistance would be:

R = ρ
L

A
, (12)

The incompressibility requirement required: Assuming an infinitesimally tiny sensing element, dS

as the initial length of the differential element, and ds as its deformed length, the incompressibility

constraint required:

Ads = A◦dS ⇒ A = A◦
dS

ds
(13)

Given that deformation of the flexural robot is a complex nonlinear function of external load, ana-

lytical determination of dS
ds might be impossible. Nevertheless, this theoretical derivation elaborates
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on how the sensing principle works and shows how external force components in 3D may influence

changes in the resistivity of sensing elements in the chambers. In addition, the term dS
ds might be a

temporal function of external load and dependent on the time history of force. Thus, it may intro-

duce hysteresis. Therefore, in the following, the authors have proposed a nonlinear rate-dependent

calibration model that could capture the geometrical and temporal nonlinearities of the proposed

sensor.

3.3.2 Fabrication

The manufacturing procedure for the soft body and soft sensor is depicted in Fig 3.2. To con-

struct the soft body, and a cylindrical mold was printed using polylactide acid (PLA) filaments on a

3D printer (Replicator+, MakerBot, NY, USA). Ecoflex 50 was created by combining equal parts A

and B. To achieve homogeneity, the mixture was agitated for 5 minutes. The mixture was degassed

for ten minutes under 30 in-Hg vacuum pressure. Following injection into a 3D-printed mold, the

slurry was allowed to be set for two hours at 25◦C. The soft sensing element was synthesized by

infusing gelatin with graphite microplatelets (Graphinox, India). As seen in Fig 3.2, the gelatin

sachets were steeped for 2 minutes in 10◦C water. After soaking the sachet in 50 mL of hot water,

it was transferred and swirled until fully dissolved. After adding 5mL graphite microplatelets to the

solution, the emulsion was agitated to bring it to room temperature. After injecting the emulsion

into the chamber of the soft body using a 10mL injection syringe, two copper wires were previously

put and fastened into each chamber. The soft body was then held at 4◦C for two hours to solidify

the gelatin. After setting, the injection site on the chambers was sealed, and the soft sensor was

encapsulated with Ecoflex. The entire encapsulation of the gelatin-based sensor after setting at 4◦C

was also critical to preventing gelatin from melting at ambient temperature since its confinement in

Ecoflex prevents volumetric variations in gelatin required for melting.
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(a) (b)

(c)

Figure 3.2: (a)Schematic process flow of fabricating the sensing element, i.e., gelatin-graphite composite., (b) prototyped sensor embedded in a
soft flexure, and (c) geometric design of the sensor and flexure.
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3.4 Neural Calibration and Validation

3.4.1 Test Protocol and Setup

The soft sensor was mounted on a 3D-printed platform housing. After that, the platform was

attached to an ATI mini40 force/torque sensor (ATI Industrial Automation, NC, USA). The exper-

imental design for this investigation is depicted in Fig. 3.3(a). The force applied to the sensor was

measured using the ATI sensor. Meanwhile, the voltage variations in the sensor were measured

using an Arduino Uno. The sensor was serialized and each channel connected to a +5v excitation

through a 300Ω resistor to create a voltage divider circuit. The result of bending and twisting the

soft sensor is explained in the following section.

3.4.2 Learning-based calibration

The Arduino Uno measured voltage changes in the chambers, while the ATI mini40 force sensor

measured force in three directions. Additionally, because of the time-dependent nature of gelatin’s

characteristics, the gradient of voltage in each chamber with respect to time is evaluated for further

study. A training dataset of 12000 data samples obtained in the calibration experiment, a dataset

with six inputs, i.e., voltage changes of the chambers
(
V1 V2 V3

)T

and their temporal rates(
V̇1 V̇2 V̇3

)T

, and three outputs,
(
Fx Fy Fz

)T

was constructed. A deep neural network

with one input layer (6 neurons), five hidden layers (250,150,100,50,10) neurons, and one output

layer (3 neurons) was trained with the training dataset in Python3.9 using the Scikit-learn package.

The training dataset was split with a 70:30 train-to-test split ratio. The network’s neurons were

coupled with ’tanh’ activation function to preserve the inputs’ sign. Also, the ’adam’ solver with a

learning rate of 0.001 was chosen for training.

The results of the training showed that the proposed calibration had a goodness-of-fit of R2 =0.98

with a mean absolute error of 0.005 N. Fig. 3.3(b) depicts the measured force used in the calibration

of the sensor. Also, Fig. 3.4 shows the variation of ∆V1, ∆V2, and ∆V3 with external forces. As

can be seen in Fig.3.4, external forces, Fx, Fy, and Fz , have distinct effects on the variation of
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(a)

(b)

Figure 3.3: (a) Test setup for calibration and experimental validation, (b) external forces measured
during calibration test.
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Figure 3.4: Variation of voltages with external forces used in calibration.
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voltage in each chamber. Nevertheless, the results showed that there is significant nonlinear cross-

talk between the voltages such that the effects of F on V -s could not be decoupled. A similar

phenomenon was observed amongst the temporal rates of voltages. This observation justifies the

selection of a rate-dependent and nonlinear calibration method.

3.4.3 Experimental validation

In a second experiment, the calibrated sensor was used with the same setup as shown in Fig.

3.3 to compare the real-time estimated forces obtained with the calibration model (predictions)

with ground truth forces obtained from ATI force sensors (reference). The calibrated model was

deployed on a Windows application (C# programming language) and was fed with voltage mea-

surements. The predictions and reference forces were recorded for post-processing.

Fig. 3.5 compares the reference and prediction for three external force components, while Fig.

3.6(a-c) shows the correlation between the reference and predicted force components. The results

showed that a mean-absolute error of 0.007 ± 0.005 N, 0.008 ± 0.006 N, and 0.011 ± 0.008 N

for Fx, Fy, and Fz , respectively. The results showed high linearity between the predictions and

reference forces (Fig. 3.6(a-c). The 99% confidence interval (±3 × standard − deviation)) was

bounded in [−0.05,+0.05]N for all the force components with a normal distribution without sig-

nificant skewness. Numerical analysis of the estimated forces showed that the smallest detectable

change in external force with the proposed sensor was 0.003 N across the three force components.

This indicates a force resolution of 0.003 N for the proposed force sensor. Moreover, given that the

proposed force sensor outputs were closely following the reference force both in loading (increas-

ing forces) and unloading (decreasing forces), the hysteresis phenomenon was not evident in the

sensor output. Given that hysteresis was an intrinsic property of the soft body [32], the proposed

rate-dependent calibration model was successful in capturing it through the inclusion of voltage

rates as input features. Typically, the range of external forces acting on soft sensors depends on

their application. For example, for soft robots used in minimally invasive cardiac surgery, external

forces are within the 0.2 N range with a resolution of down to 0.005 N [32]. The proposed force

sensor exhibited an acceptable force measurement range (±0.3 N) and resolution of 0.003 that meet

the requirements of surgical applications, such as cardiac surgery. Also, the proposed encapsulated
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Figure 3.5: Comparison of predicted and reference force components in the validation test.

design of the sensing elements into the soft body allows for mitigating the risk of contamination of

biological tissues with sensing materials.

3.5 Summary

In this study, a soft sensor with an embedded design into a soft flexure (soft robot) was proposed,

prototyped, calibrated, and validated. The proposed sensing element is moldable, thus allowing for

shape variability to meet application requirements. Also, the proposed rate-dependent calibration

allowed for capturing hysteresis and contributed to the high accuracy of the proposed sensor. A

future expansion of this study could be to use the proposed sensor in a miniaturized surgical instru-

ment or soft robotic surgical device. Also, the utilization of different polymers instead of gelatin

could contribute to strengthening the sensor, thus increasing its force measurement range. Another

expansion of this study could be to embed the sensing element in a feedback control system with a

soft sensor to study its performance for practical control applications.
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(a) (b)

(c) (d)

(e) (f)

Figure 3.6: (a,c,e) Comparison of the reference and predicted external forces, and (b,d,f) distribution
of prediction error with normal distribution fitting.
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Chapter 4

Embedded Six-DoF Force-Torque

Sensor for Soft Robots with

Learning-based Calibrations

Soft robots typically exhibit large deformation that makes integration of rigid sensors with them

cumbersome. Especially for soft surgical robots, direct sensor-based feedback is required. In this

study, we have proposed, modeled, prototyped, and validated a novel smart polymer-based soft

sensor for integration with soft robots. Previously we have shown that the proposed smart polymer

exhibits piezoresistivity. Thus, in this study, we integrated the proposed sensor with a flexural soft

robot. Afterward, the sensor was calibrated through a series of experimental tests, and a multi-layer

perceptron was trained for the calibration. The calibration showed a maximum root-mean-square

error of 10.6 mm and a mean absolute error of 8±10 mN compared with the ground truth. The

experimental validation showed that the proposed sensor and calibration method demonstrated a

combined mean absolute error of 7.4±6.5 mN. In addition, the minimum detectable force of the

sensor was less than 1 mm, with a range of up to 284 mm. The system performance was compatible

with the range and accuracy requirements of representative intraluminal applications.
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4.0.1 Related Studies

Fig. 4.1 depicts a representative intraluminal use case for soft sensors. The piezoresistive effect

that some classes of materials experience following elastic deformation serves as the foundation for

the operation of piezoresistive sensors. Universally acknowledged as being the most frequently uti-

lized equipment at both the micro- and macro-scales [112, 113]. Resistive tactile sensors are made

up of active materials placed between two opposing electrodes or placed on a pair of in-plane elec-

trodes. Active materials are typically composites formed of conductive components and a matrix.

When force is exerted on the sensor, the connections with conductive materials in a porous matrix

or the surface between the conductive materials and electrodes expand, significantly lowering the

resistance. The composition and geometric design of the active material are essential drivers of

the tactile sensor’s performance because it acts as both an electrical channel for current flow and a

flexible structure throughout the operation [26].

Due to their exceptional electrical conductivities and distinctive nanoscale flexibility, graphene-

based piezoresistive sensors are particularly appealing [79]. Highly flexible and sensitive sensors

have been created using graphene-based microstructures since graphene has been assembled in var-

ious forms of two-dimensional (2D) or three-dimensional (3D) macroscopic, freestanding construc-

tions using a few distinct processes [80]. By introducing flexible polymer into 3D graphene frame-

works or uniformly dispersing graphene sheets within flexible polymer matrices, graphene/flexible

matrix composites were created [81]. Due to their greater flexibility, flexible polymers like poly-

dimethylsiloxane (PDMS), Ecoflex, polyimide (PI), and polyurethane (PU) are frequently employed

as substrates or matrices [82]. Moreover, Due to their distinctive structural interconnectivity, high

porosity, and stable mechanical properties, 3D graphene architectures, such as foams, hydrogels,

aerogels, and sponges, were simple to infiltrate with liquid polymers [83, 84]. Incorporating hy-

drogen and graphite produces self-healing properties. For flexible devices that may be included in

fully functional applications, intrinsic self-healing based on molecular interactions with quick and

reversible healing capabilities, such as hydrogen bonding, is preferable to extrinsic self-healing for

strain sensors [85].
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Figure 4.1: Schematic depiction of using sensor-embedded soft sensors for bronchoscopy proce-
dure.

4.1 Requirements

The functionality of sensors used in portable electronic devices should not be confined to a

single stimulus operating alone, such as strain, twist, or pressure [87]. Widespread applications

in multiple-degrees-of-freedom environments require multidimensional sensors capable of sensing

complicated multiaxial strains. Creating conductive networks with an anisotropic structure is one

method for designing multidimensional sensors capable of sensing multiaxial strains [88]. In the

author’s prior research, gelatin and graphite were used as a piezoresistive sensor encapsulated in

53



PDMS to create a soft sensor. Gelatin has self-healing characteristics, and its combination with

graphite increases the resistance range. The proposed sensor was modeled, and its model was

experimentally validated. The sensor’s performance demonstrated its compatibility with the range

and resolution requirements for surgical applications of soft robotics. Instead of a single straight

chamber, we utilized a moon-shaped chamber with more than two electrodes to measure forces in

three directions and torsion in the current study. In addition, Ecoflex was employed as the soft body

instead of PDMS, allowing the sensor to be more flexible and deformable.

4.2 Sensor Design and Modeling

4.2.1 Sensing principle

Although stiff structures provide more precision, their restricted flexibility and relatively large

diameter are the main challenges for MIS in expanding operation space and reducing trauma during

surgeries [114]. Soft robots, as opposed to hard-bodied robots, have bodies composed of intrinsi-

cally soft and/or extensible materials (such as silicone rubbers). These robots have a continuously

elastic structure with muscle-like actuation that mimics biological systems and results in a com-

paratively high degree of freedom as compared to their hard-bodied competitors[115]. Because

soft flexural robots are often composed of soft elastomers, particularly for surgical applications, the

stiffness of the sensor must be minimal [31]. As a result, in this study, both PDMS and Ecoflex

are used as materials to represent the body of the housing. Additionally, the gelatin and graphite

combination serves as an internal piezoresistive sensor within the soft body. Fig. 4.2(a–b) depicts

the flexure’s geometrical design and schematic wiring of the electrodes inside the sensing element,

and Fig. 4.2(c) shows a simplified equivalent electrical model of the sensing element in a voltage-

splitting configuration for data acquisition. In the schematic, Ve and Re correspond to the voltage

measured by the electrode at the end (tip) of the sensor and the total electrical resistance of the

sensing element. Also, V◦ is the pull-up voltage used as the stimulator of the voltage splitter circuit,

and Rc is a constant resistor used for voltage splitting. The second design’s goal is to miniaturize

the sensor based on the current size of MIS applications and to enable 3 degrees of freedom sensing

by increasing the number of electrodes, as the first design demonstrates the feasibility of the sensing

54



(a)

(b)

(c)

Figure 4.2: (a) The structural design of the sensor with gelatin/graphite capsulated inside PDMS,
(b) Enhanced design of the sensor with gelatin/graphite capsulated inside Ecoflex50, (c) simplified
electrical model of the sensor and voltage splitter circuit.
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principle. This type of flexural body is one of the most basic structures for soft robots, and it has

been widely used in medical applications [42].

The central blind cylindrical chamber of the flexural body served as a mold for the proposed

gelatin-based sensing element. One has a single straight chamber as a one-degree-of-freedom shape

sensor, while the other has a single moon-shaped three-degree-of-freedom force sensor. During the

molding process, copper wires were also placed, which were used in a voltage divider to measure the

voltage differences between them. This design allowed for the encapsulation of the sensing element

within the flexure, which alleviated concerns about the graphite used in the sensing element’s acute

biocompatibility.

4.2.2 Fabrication

The fabrication process for the soft body and soft sensor is shown in Fig. 4.3. A cylindrical mold

was created using polylactide acid (PLA) filaments and a 3D printer (Replicator+, MakerBot, NY,

USA) to prepare the soft body. For the first sample, the Ecoflex 00-50 (Smooth-On Inc., PA, USA)

was mixed in a 1:1 ratio for parts A and part B [116]. To achieve homogeneity, the mixture was

stirred for 5 minutes. The mixture was degassed for 10 minutes under 30 in-Hg vacuum pressure.

After that, the mixture was injected into a 3D-printed mold, and the coil spring was placed inside.

After that, the mold was left to set for 24 hours at 25◦C.

Gelatin was impregnated with graphite microplatelets to make the soft sensing element (Graphinox,

India). As demonstrated in Fig.4.3, The gelatin sachets were steeped for two minutes in water at

10◦C. The soaked sachet was then transferred to 50 mL of hot water and thoroughly dissolved by

stirring. After adding 5mL graphite micro-platelets to the solution, the emulsion was cooled to room

temperature while being agitated. Using a 10mL injection syringe, the emulsion was subsequently

injected into the soft body’s chamber after copper wires had been introduced and fastened within

the soft body. The soft body was then maintained at 4◦C for two hours until the gelatin solidified.

After the injection site on the chamber had hardened, the second layer of the soft body was applied

to encase the soft sensor. Total encapsulating of the gelatin-based sensor after setting at 4◦C was

also necessary to prevent gelatin from melting at normal temperature, as confinement with the soft

body prevents volumetric changes in gelatin that are required for melting.
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4.2.3 Modeling and Mechano-electrical Simulation

The piezoresistivity of the gelatin-graphite composites causes their electrical resistance to vary

during deformation. This phenomenon may be attributable to deformation-induced changes in the

effective diameter and length of the sensing element within the soft body. In flexural soft robotics,

bending is the predominant mode of deformation, and bending angle [117] as well as and lateral tip

forces [105, 104] are the metric of importance in soft robotic applications.
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Figure 4.3: Fabrication of gelatin and graphite mixture inside Ecoflex layer.
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Figure 4.4: Differential element of the sensing element under deformation.

In a prior model-based investigation, the link between the electrical resistance of the sensing el-

ement and the bending angle was studied. Experiment findings were utilized to validate the model.

In the present investigation, finite element studies were utilized to determine the bending angle for

three force directions. The goal of the modeling was to establish a connection between the electrical

resistance of the sensing device and the bending angle.

The sensing element’s resistance R was modeled as a function of its specific resistivity ρ, cross-

sectional area A, and length L. Prior to deformation, the specific sensitivity ρ of the sensing element

was derived from its initial resistance R◦:

R◦ = ρ
L◦
A◦

, (14)

As bending deformation produces strain along the sensing element, L and A will change. Since

it was expected that the sensing element was incompressible due to its high water content and

elastomeric nature, the sensing element’s cross-sectional area would unavoidably decrease to com-

pensate for its longitudinal elongation. Consequently, the resistance of the sensing element during

deformation would be:

R = ρ
L

A
, (15)

Fig. 4.4 contrasts the deformed and original forms of an infinitely small sensing element. With
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dS as the differential element’s original length and ds as its deformed length, the incompressibility

condition required:

Ads = A◦dS ⇒ A = A◦
dS

ds
(16)

When force F is applied to the tip of the sensor, it bends. Thus, the sensing element structurally

goes under a distribution of strain that causes a spatial distribution of length and diameter along its

length. To simplify the mathematical problem, Fx is first applied to the sensor, as shown in Fig

4.9. According to continuum mechanics, the longitudinal stretch λ for a 1D differential element

subjected to bending-induced elongation is as follows:

λ =
ds

dS
=

L

L◦
, (17)

Hence, Eq. 16 was simplified to:

A = A◦λ
−1 (18)

For a given deformed length L, the mechano-electrical model would therefore predict an electrical

resistance of:

R = ρ

∫ L

0

ds

A
. (19)

Changing distorted Eulerian coordinates to original Lagrangian coordinates simplifies the integral

to:

R = ρ
1

A◦
λ2

∫ L◦

0
dS = R◦λ

2 (20)

Consequently, the sensing element’s resistance would fluctuate quadratically as a result of the

nonlinear stretch generated by significant bending.

4.2.4 Model Verification

To verify the derived model, the length change of the sensing element under a representative

loading situation was simulated using the finite element approach, and the computational stretch

was utilized to forecast the change in the sensing element’s resistance. In order to accomplish this,

the sensor’s geometric model Fig. 4.2(b) was imported into Abaqus (R2021, Dassault Systemes,
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France) and meshed with tetrahedral meshes. Models of hyperelastic materials were utilized for

both the soft body and the sensing element. The mesh size (n=28,000 tetrahedral elements) was

determined using a mesh-independence test on the model’s total strain energy. The base of the

soft body and the sensing element was also subjected to Dirichlet and Neumann boundary condi-

tions. The tip of the soft body was subjected to a half cycle of forces extracted from a verification

experiment.

In three separate simulations, maximum tip forces of 70, 40, and 70 mN were applied on the

soft body in FEM in x, y, and z (compression) directions, respectively. Similar forces were applied

experimentally on the prototype sensor while the temporal variation of sensing element voltages (Vm

and Ve) were recorded for comparison with model predictions based on the FEM results. Table. 4.2

presents the material models used in FE simulations. Fig.4.6 depicts the simulated deformation of

the soft body and sensing element under the representative loadings taken from the experiment. Fig.

4.5 compares the variation of stretch along the sensing element with Fx = 70 mN with 25%, 50%,

75%, and 100% load.

To verify the model, first, the stretch from FEM models was obtained offline. Afterward, nu-

merical integration on the longitudinal stretch (λ) as a function of undeformed coordinates S was

performed using the 4th-order Runge-Kutta method. Eq. 22 is basically a differential extension of

Eq. 20. integrated to obtain the total change in length.

Rm = R◦

∫ L◦
2

0
λ2(S)dS (21)

Re = R◦

∫ L◦

0
λ2(S)dS (22)
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Figure 4.5: Variation of stretch along the sensing element in three simulation loadings.
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(a)

(b) (c)

Figure 4.6: Von Mises stress contour of the finite element model for (a) Fx = 70 mN. (b) Fy = 40 mN, and (c) Fz = 70 mN.
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Figure 4.7: Detailed equivalent electrical model of the sensing element with the placement of elec-
trode voltage measurements.

On the other hand, from experimental measurements, at any time, two voltages were recorded

corresponding to electrodes installed at the sensor’s middle point and end, Vm and Vm, respectively.

Fig. 4.7 shows a simplified electrical model of the sensor in a voltage splitting configuration,

with V◦ = 5v as the pull-up voltage and Rc = 300Ω as a constant resistor for voltage splitting.

From Kirchoff’s law of voltage, the recorded Vm and Ve were related to Rm and Re such that:

Re = Rc
Ve

V◦ − Ve
(23)

Rm = Rc
Vm

V◦

(
1 +

Ve

V◦ − Ve

)
(24)

Table 4.1 presents the comparison between the theoretical relative change in Rm and Re in load

cases shown in finite element simulation (shown in Fig. 4.6).

4.2.5 Material Characterization

Three standard samples of Ecoflex 00-50 rubber and the sensing element were produced in order

to determine their mechanical properties. The cylindrical samples had a D◦ = 29mm diameter and

a H◦ = 12.5mm height. The samples are prepared using the 3D-printed mold and the fabrication
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Table 4.1: Comparison of changes in the theoretical and experimental resistance of the sensing
element.

Case 1 Case 2 Case 370
0
0

 mN

 0
40
0

 mN

 0
0

−70

 mN

Resistance
(Model)

430Ω 168Ω 392Ω

Resistance
(Experiment)

407Ω 189Ω 421Ω

Absolute Error 23Ω 21Ω 29Ω
Relative Error
(% of Ground truth)

5.7% 11.2% 6.9%

Table 4.2: Material models used in numerical simulation
Material Hyperelastic model Model parameters

Soft body
(Ecoflex00-50)

Two-term Mooney-Rivlin
C01 = −9.00× 10−3 MPa
C10 = 3.84× 10−3 MPa

Sensing element
(Gelatin+Graphite)

Two-term Mooney-Rivlin
C01 = −5.91× 10−5MPa
C10 = 5.61× 10−5 MPa

procedure described in Sec.4.2.2 and were put through their tests in accordance with ISO 7743:2017

[106]. Utilizing a universal testing device (Electroforce 2000, TA Electronics, DE, USA). Each

sample was subjected to four triangle compression cycles at a displacement rate of 10 mm/min and

a range of 0.625mm to 3.125mm, corresponding to 5% to 25% compressive stresses, respectively.

The force and displacement data from the fourth compression cycle were used for analysis because

the first three cycles were considered conditioning cycles. The samples’ stretch-stress curves were

calculated using force (f ) and displacement (x) data and fitted using a two-term Mooney-Rivlin

model. (Eq. 25) [101]:

σ = 2(C10 +
C01

λ
)(λ2 − 1

λ
), (25)

where, σ = 4f
πD2

◦
represents nominal stress in MPa, λ = 1 + x

H◦ represents compressive stretch,

and C01 and C10 represent material properties. The curve fittings were done with Matlab 2021b’s

Curve-fitting Toolbox (Mathworks, MA, USA). A typical stress-stretch diagram of the Ecoflex00-

50 sample with the fitted 2MR model is shown in Fig. With a root-mean-square error (RMSE) of

0.001 MPa, the average goodness-of-fit across all samples was 0.9953 for the Ecoflex00-50.
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(a)

(b)

Figure 4.8: (a) Setup and a representative sample under compression test, (b) a stress-stretch dia-
gram for the Ecoflex00-50 sample.
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4.2.6 Sensor Prototype

Fig. 4.9(a) depicts components of the prototype sensor and soft body used in calibration and

validation experiments. To prototype the sensor, following the molding of the soft body and soft

sensor (summarized in 4.2.2, the body was mounted on a 3D-printed base. After that, the platform

was installed on an ATI mini40 force/torque sensor (ATI Industrial Automation, NC, USA). The

ATI sensor was merely used for recording ground truth force and torques for a-posteriori com-

parison. The electrodes of the sensing element were connected to an Arduino Uno’s analog input

channels and were interrogated for voltage at a 250Hz refresh rate. The data was recorded in a PC

connected to the Arduino Uno via a serial port. Also, a dedicated user interface and data manage-

ment software were developed in C# programming language and were used for data acquisition and

records-keeping of the project. Moreover, the sensor’s calibration model was imported into the user

interface and was used for real-time force-torque measurement.

4.3 Neural Calibration

4.3.1 Network architecture

A series of multi-layer perceptron (MLP) neural models were configured for the calibration of

the proposed sensor. In our previous study, [91] we showed that a single-layer perceptron could

calibrate a single straight chamber force sensor with R2 > 0.90. However, SLP could not exhibit

the same performance for force-torque sensing in this study. Thus, we investigated the performance

of a series of MLP-s with various hyper-parameters, i.e., the number of hidden layers, learning

rates, activation functions, and optimizers. Practically, the proposed neural calibration schema was

a regressor relating the voltage readings to the forces acting at the tip of the soft robot. Table 4.3

summarizes the network architectures (number of hidden layers and number of neurons in each

layer) and hyper-parameters investigated in this study.
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(a)

(b)

Figure 4.9: (a) Sensor prototype, (b) Experimental setup for calibration and validation tests.

Table 4.3: Network architectures and hyper-parameters were investigated for the nonlinear calibra-
tion of the sensor.

Architectures
Hidden Layers (2, 4, ...,10)
Neurons in hidden layer (10, 25, 50, 100, 250)

Hyper-parameters
Learning rate (0.1, 0.01, 0.001)
Optimizer (’sgd’, ’adam’)
Activation function (’ReLU’, ’tanh’)
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4.3.2 Feature Selection

The temporal rate of change of sensor outputs has been used in rigid sensors for capturing non-

linearities such as rate dependency and hysteresis [101, 91]. We hypothesized that such phenomena

might also be present in the current sensor design, given the viscoelastic properties of its compo-

nents. Thus, for input features of the proposed learning-based model, we selected the input feature

vector X as:

X =

(
Vm

V̂m

Ve

V̂e
V̇m V̇e

)T

(26)

where ˙(.) = d
dt(.) was the temporal derivation operator, and V̂ referred to the initial voltages mea-

sured before applying any external force. Also, the output vector of the learning-based model Y

was:

Y =

(
Fx Fy Fz Tx Ty Tz

)T

(27)

Therefore, the input layer had a total of four neurons, and the output layer had a total of six neurons.

4.3.3 Dataset and Training

The sensor prototype depicted in Fig. 4.9(b) was subjected to a series of tip forces and torques

manually. Meanwhile, the voltage variations in the sensor were measured using an Arduino Uno.

The sensor was serially connected to a 300Ω resistor to build a voltage divider circuit that was

bridged to +5v excitation. The sensor’s tip was then subjected to forces in three directions: X, Y,

and Z. Fig. 4.10 shows th temporal variation of the forces and torques on the setup recorded by the

ATI force-torque sensor (reference). Also, Fig. 4.11 depicts the variation of output features with

respect to the recorded voltages Vm and Ve.

As shown in Fig. 4.11, in many data points for a given
(
VmVe

)
, there might be multiple outputs

that indicate the presence of hysteresis. This observation confirms our addition of temporal rates to

the features set to distinguish loading and unloading conditions for a given set of voltages.
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(a)

(b)

Figure 4.10: Temporal variation of a representative test for training data used for nonlinear calibra-
tion: (a) training forces and (b) training torques.
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Figure 4.11: Feature-space visualization of the training output used for nonlinear calibration, (a–c) force output and (d –f) torque output.
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Table 4.4: Top three best-performing network architectures for calibration model training.
Network Hidden layers Learning rate Optimizer Activation function R2 MAE (N) RMSE (N)

NN-5.0 (250,150,100,50,10) 0.001 ’adam’ ’tanh’ 0.98 0.007 0.014
NN-4.0 (250,150,100,50) 0.001 ’adam’ ’tanh’ 0.93 0.013 0.024
NN-4.1 (250,150,50,10) 0.001 ’adam’ ’tanh’ 0.90 0.015 0.023

Another observation was that, the recorded force and torques were adequately large to cover

the range of motion of the soft body. In other words, the soft body was deformed to its possible

extremes while recording the training dataset. In total, five calibration tests were performed and

the acquired data were accumulated to create the calibration dataset. In total, 32,441 data samples

were acquired from the experiments. The data acquisition tests were not similar in terms of data

acquisiton time. Each data sample consisted of two voltages, i.e., Vm and Ve and six reference

force torques. The temporal rates of change in the sensor’s voltages were calculated a-posteriori.

To avoid differentiation noise amplification, the raw voltages were filtered using a second-prded

Butterworth filter with a cut-off frequency of 25Hz and sample time of 4 ms. The filtered voltages

were merely used in rate calculations but not in voltage feature calculations (Eq. 26).

For training the proposed calibration model, the described grid search policy was implemented

in Python 3.9 programming language using Scikit-learn 1.1. The dataset was randomly split with a

train-to-test ratio of 80:20. Table 4.4 shows the performance of three best-performing network archi-

tectures in the grid search. Based on the findings presented in Table 4.4, NN-5.0 model was chosen

as the calibration model. Fig. 4.12(a) and (b) show the correlation of predicted forces (Fx, Fy,

Fz) and torques (Tx, Ty, Tz) with respect to their ground truth values, respectively. Also, Table 4.5

shows the performance of NN-5.0 in terms of root-mean-square error (RMSE), mean-absolute-error

(MAE), and goodness-of-fit (R2) for predicted forces and torques. The 95% confidence interval

(95%CI) was calculated as ±2σ, where σ was the spread (standard-deviation) of the normal distri-

bution fit on the error of prediction of each output (shown in Fig. 4.5). Based on the findings, the

worst performance of the calibration model for force prediction was observed for Fz . Nevertheless,

the RMSE of Fz prediction was approximately 10 mN with a 95%CI of 20 mN, which is below the

required force ranges for applications in the majority of minimally invasive surgeries, i.e., 20 mN

[11]. We speculate that the underlying reason for the observed error is that when force was applied
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Table 4.5: Performance of NN-5.0 model in calibration of forces and torques on the proposed sensor.
Measurand RMSE MAE R2 95%CI

Forces
Fx (mN) 4.2 3.3 0.99 8.1
Fy (mN) 3.5 2.6 0.99 6.8
Fz (mN) 10.6 8.0 0.96 20.0

Torques
Tx (mNm) 0.17 0.13 0.98 0.32
Ty (mNm) 0.31 0.24 0.95 0.48
Tz (mNm) 0.23 0.13 0.93 0.46

along the sensor’s z-direction, the sensing element had not experienced significant bending. Thus

the changes in resistivity had not been deterministic enough for training the calibration model. This

speculation is in agreement with our electro-mechanical model presented in Sec. 4.2.3. Moreover,

the minimum detectable values with the proposed sensor were less than 1mN in all axes for force

and less than 0.05 mNm in all axes for torques. The exhibited range of measurement with the pro-

posed sensor was (-154 , +30) mN, (-176, 110) mN, and (-284,21) mN for Fx, Fy, and Fz and (-3.7

, 3.4) mNm, (-1.7, 6.8) mNm, and (-6.1,1) mN for Tx, Ty, and Tz . The reason for the asymmetricity

of the measurement range may be related to the asymmetricity of the acquired data for training and

testing. Since the calibration experiment was performed manually, it was not controlled. Thus, such

bias was inevitable. In future studies, a more controlled calibration data acquisition may result in

an improved demonstrated measurement range.

4.4 Validation Study

In a separate study, the calibration model was transferred to the developed user interface and

was used to predict forces and torques. Meanwhile, the ground truth force and torque values from

the ATI sensor were recorded. During the test, the soft body was subjected to manual deforma-

tion at its tip in a similar fashion to the training tests. Afterward, the predicted force and torques

were compared with the predictions, and the error was analyzed. Fig. 4.13 compares the temporal

changes in the predicted and ground truth force and torques in the validation experiment.

The results showed that the predicted forces and torques were in fair agreement; the MAE of

forces had an average of 7.4 ± 6.5 mN. Similar to calibration observations, Fz had the largest
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(a)

(b)

Figure 4.12: Correlation between calibration model NN-5.0 predictions and ground truth values for
(a) forces and (b) torques.
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error, i.e., 13 ± 16 mN; nevertheless, its RMSE and MAE remained below the allowable error for

minimally invasive procedures. In addition, the computation time for the prediction of force-torques

for each sample data was 0.19 ± 0.06 ms on a Mac Studio (128GB RAM, Apple Silicon Ultra

CPU) machine. Given the sample rate of the system was 250 Hz, the hardware-software integrated

system was well outperforming the real-time requirements (25-30 Hz) for most minimally invasive

surgeries. Nevertheless, the performance bottleneck of the integrated system was the sampling rate

of Arduino Uno, which can be improved by utilizing a dedicated analog-to-digital converter, e.g.,

PCI-Express architecture. Given real-time robotic control applications require a refresh rate in the

order of kHz, improving the sampling time and refresh rate of the proposed system is of utmost

importance for such applications.
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Figure 4.13: Comparison of forces and torques estimated by the proposed sensor versus ground truth.
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4.5 Summary

In this study, first, a novel soft sensing element was proposed and modeled. The proposed

electro-mechanical model was validated through a comparison of theory with experiment. After-

ward, a soft flexural body was fabricated the proposed sensor was embedded in the body. Next, a

neural calibration model was selected for the proposed sensor, and its performance in force-torque

prediction was investigated. Moreover, the performance of the proposed sensor with neural cali-

bration was demonstrated in experimental validation. The proposed sensor is soft, scalable, and

embeddable with soft flexural bodies, e.g., soft robots and minimally invasive surgical instruments.

Thus, further fabrication methods and more application-oriented validation studies are required to

investigate the proposed sensor’s performance. Another expansion of this study can be to calibrate

the proposed sensor with shape information, e.g., curvature, so as to be a wearable device for mea-

suring user’s finger kinematics, e.g., similar to [118].
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Chapter 5

Conclusion and Future Works

5.1 Conclusion

In this thesis, a new class of soft embedded sensors was developed, and three novel sensors

were designed, produced, and tested for small-force range applications in soft robotics. The soft

sensors proposed were composed of a gelatin-graphite composite having piezoresistive properties.

The sensing devices were incorporated directly into the soft flexural structures. For each sensor,

a mechano-electrical model for the observed piezoresistance was first constructed and validated.

After that, a series of external forces were applied to the sensors to collect calibration data. Given

the complexity of piezoresistivity and the significant deformation of soft bodies and sensing ele-

ments, a learning-based calibration strategy was studied. In order to correct for rate-dependence

and hysteresis effects on sensor readings during calibration, rate-dependent features were chosen

for learning-based calibrations. As a result, the initial sensor of this study, a one-degree-of-freedom

(1-DoF) force sensor, displayed a force measurement range of 0.035-0.82 N with a mean-absolute-

error (MAE) of 3.7% and a resolution of 4.0% of full range. The second sensor, a 3-DoF sensor,

had a measurement range of up to 0.3 N, an MAE of 0.005 N, and a resolution of 0.003 N. The

third sensor, a 6-DoF force-torque sensor, featured a force range of up to 110 mN with an MAE

of 7.4pm6.5 mN and a resolution of 1 mN, as well as a torque range of 6.8 mNm with an MAE

of 0.24 mNm. Comparing the proposed sensors to the state-of-the-art and the functional needs of

intraluminal procedures revealed that they were compatible with the requirements and improved the
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state-of-the-art. The most significant contribution of this study was the proposal of a scalable sens-

ing principle that could adapt to the curvature of the host body, such as flexural robots. In addition,

this study demonstrated that nonlinear learning-based calibration is a suitable method for overcom-

ing the limits of current soft elastomeric sensor technology.

Based on the author’s knowledge, this was the first study to examine the limitations of manufactur-

ing and the complexity of existing technologies for creating piezoresistive sensors. Experimental

validation of the proposed sensing principle with nonlinear calibration demonstrated sufficient pre-

cision for intraluminal procedures, and a mechano-electrical model of the sensing principle and its

validation were performed, enabling future researchers to consider design optimization. One of the

significant limitations of this study was the performance of the calibration model for force predic-

tion for Fz . the RMSE of Fz prediction was approximately 10 mN with a 95%CI of 20 mN, which

is below the required force ranges for applications in the majority of minimally invasive surgeries,

i.e., 20 mN. The underlying cause of the observed error is that when force was applied along the

z-axis of the sensor, the sensing element did not experience significant bending. So the changes in

resistivity were insufficiently predictable for calibrating the model. Also, the asymmetricity of the

acquired data for training and testing may have caused asymmetricity of the measurement range due

to the fact that the calibration experiment was performed manually without control; such bias was

inevitable.

5.2 Future Studies

To address the limitations of this study, the following suggestions for future studies are provided:

(1) For future studies, a more controlled acquisition of calibration data may result in an enhanced

measurement range.

(2) Another improvement is to study the performance of the proposed sensor; more fabrication

methods and application-focused validation experiments are needed.

(3) For another extension of this work, the calibration of the suggested sensor with shape infor-

mation, such as curvature, in order to make it a wearable device for detecting the kinematics
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of the user’s fingers is suggested.

(4) Investigating other geometry for embedded sensing elements may give better results in terms

of enhancing the performance of force in z direction.

(5) Future study may involve integrating the suggested sensor with tendons to enable control

systems to manage, command, and direct sensors throughout the body.
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