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Abstract— This work presents results towards realizing a 

flexible multimodal tactile sensing system for object 

identification. Using polymer substrates and simple 

fabrication, robust devices are made that can identify objects 

based on texture, temperature, as well as material properties 

such as hardness and thermal conductivity.  These capabilities 

are possible using signal processing techniques and physical 

models along with individual sensing structures inspired by the 

specialization found in biological skin. These structures are 

used to sense various object parameters, and array-wide 

processing to identify texture using a Maximum Likelihood 

decision rule. 80% texture classification is achieved.  In blind 

object identification tests, over 90% correct identification was 

achieved by measurement of material properties. 

I. INTRODUCTION 
Many animals rely on their tactile sense heavily for 

survival and exploration.  Biological tactile sensors are 
therefore highly developed.  On the surface of human 
fingertips, there are more than 100 sensors per square cm [1].  
Different types of sensors are employed to achieve multiple 
modalities, ranges of sensitivity and directionality.  For 
example, the human skin employs 4 specialized corpuscle 
structures to measure mechanical forces alone. The skin is 
tightly integrated with powerful and robust distributed signal 
processing units made of neurons and specialized cellular 
structures. As a result, a human can effortlessly sense the 
temperature, hardness, surface texture, and thermal 
conductivity of an object simultaneously.  The distributed 
tactile sense enables humans and animals to perform 
dexterous and delicate manipulation tasks.   

In order for robotics to replace or serve as extensions of 
humans in dangerous, delicate, or remote applications they 
must have sensory input similar to or superior to the human 
senses [2]. Thus there is currently a need for flexible 
multimodal tactile sensors that can provide robotic systems 
with a sense of touch for object identification and 
manipulation. Such sensors will allow feedback for tele-
presence microsurgeries, as well as robots capable of 
autonomous interaction with unstructured environments. A 

number of researchers are currently working towards these 
goals, developing multi-modal sensors that measure contact 
force, hardness, and thermal properties using force sensitive 
rubber [3], silicon membranes [4], and active devices with 
organic transistors [5].  

Devices that incorporate brittle sensing elements such as 
silicon-based diaphragms or piezoresistors, even embedded 
in protective polymers, cannot be used as the interface “skin” 
between a robotic manipulator and the manipulated object. 
Devices made with pressure sensitive rubbers that can 
withstand contact have been presented, but require serial 
manual assembly, are based on rigid substrates and provide 
limited independent sensing modes [3].  Based on the 
limitations of these systems, including fragility and 
complexity, we have developed an approach that relies on 
advanced signal processing strategies to capitalize on the 
flexibility and robustness of polymer-based devices.  In this 
work we present two components of this effort, the 
development of a multi-modal sensor that can determine the 
material properties of objects contacting the sensing skin, 
and a high-density array of pressure sensors for imaging the 
physical texture of the objects.  Combined, these approaches 
have the promise to result in an artificial sensing organ that 
approximates the capabilities of the human sensory skin. 

II. SENSOR DESIGN 

A.  Multimodal Sensing 
To meet the goal of multimodal sensing, a dedicated 

sensor is primarily responsible for each phenomenon of 
interest, an approach inspired by the biological solution 
shown in Fig. 1. The artificial sensing skin consists of an 
array of sensor nodes, each composed of four distinct 
sensors: a reference nickel resistance temperature device 
(RTD) for temperature measurement and compensation, a 
gold heater and nickel RTD pair for thermal conductivity 
measurement, a membrane with a nickel-chrome alloy (NiCr, 
80:20 by weight) strain-gauge for contact force and hardness 
sensing, and a NiCr strain gauge reference contact force and 
hardness sensor (Fig. 2a). In addition, the contour of the skin 
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Figure 2.  Schematic of the human biological sensing skin showing 
the variety of specialized sensing structures that make up the tactile 
sensing system. 

Figure 3.   a) Schematic of multimodal sensing node which includes 
temperature, thermal conductivity, force, and hardness sensing 
structures. b) Schematic showing distribution of sensing nodes in skin. 

 

Figure 1.   Schematic of the parallel–series spring model used to 
convert differential hardness sensor measurements into a value of 
hardness. 

is sensed in an integrated fashion using NiCr strain gauges 
dispersed between sensory nodes (Fig. 2b).  When the skin is 
mounted on a curved or compliant surface (e.g., a robotic 
finger tip), the spatial relation of sensor nodes is mapped to 
coordinate manipulation in 3D space. The multimodal sensor 
skin is built on a flexible DuPont Kapton HN200 polyimide 
sheet. 

The temperature sensing is performed by a nickel RTD.  
Nickel is used in order to achieve high temperature 

coefficient of resistance (TCR), which is a measure of the 
amount of resistance change for a given change in 
temperature while achieving a higher resistivity than a gold 
RTD.  The RTD is used for temperature measurement and 
compensation since all the metals on the sensor will 
experience a resistance change with a change in temperature.  
The RTD is deposited on top of a contact mesa in order to 
allow solid contact with the object and thus accurate 
measurement.  Spread over the entire mesa, strain effects are 
minimized. Similarly, the heater and RTD pair of the thermal 
conductivity sensor are placed on a mesa and made of gold 
and nickel respectively.  A square wave voltage input to the 
heater induces a thermal signal that is received at the RTD. 
The shape and magnitude of the signal received at the RTD 
is a function of the thermal conductivity of the contact object 
or the lack of such an object.  Without an object, heat must 
travel through the insulating polyimide and air to reach the 
RTD. When in contact with an object solid conduction 
replaces the relatively inefficient convection heat transfer 
through the air. 

Pressure and hardness of the contact object is sensed by a 
differential pair of sensors as shown in Fig. 2a.  Both sensors 
use identical NiCr strain gauges patterned on the Kapton 
with an adjacent contact mesa that allows the contact object 
to apply a force to the sensors.  The height of the contact 
mesa is important in that when the mesa is fully depressed 
the strain on the gauges and sensors must not be damaging.  
Thus the mesas serve as input limiters, where overloads will 
saturate the sensors by pressing the mesa flush with the 
surrounding Kapton sheet.  The measured hardness sensor 
consists of a membrane that is much more compliant than the 
reference hardness sensor that is positioned over the full 
thickness Kapton sheet.  The ratio of pressures applied to 
these sensors based on the parallel-series spring model 
shown in Fig. 3 is used to compute a hardness value for the 
contact object. The pressure at the measurement sensor (qm) 
is calculated based on the signal from the associated strain 
gauge and clamped-clamped plate theory [6]. This is 
compared to the pressure at the reference sensor (qr) 
calculated based on the signal from the associated strain 
gauge and bulk indentation theory [7]. 
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Figure 5.  Schematic of a texture identification taxel. 
 

 
Figure 4.  Schematic of a texture identification taxel. 

B. Texture Recognition Sensing 
For texture recognition purposes, a similar design 

approach is used to make high-density arrays of force 
sensing tactile sensor pixels (taxels) from an identical 
flexible Kapton substrate. Sensing is accomplished using 
thin-film metal strain gauges placed across a thin polyimide 
diaphragm as shown in the schematic of Fig. 4. The strain 
gauge converts mechanical strain developed by deformation 
of the diaphragm into a change in electrical resistance. The 
use of metal strain gauges as a sensing method provides 
simplicity of fabrication and low cost, but presents several 
difficulties due to this low gauge factor and resulting low 
signal-to-noise ratio (SNR). These difficulties lead naturally 
to an analysis approach such as the maximum likelihood 
(ML) estimation approach presented due to its ability to 
reject the noise present in measurements. 

III. RESULTS AND DISCUSSION 
The structure of the flexible sensors is shown in 

schematic in Fig. 2a and Fig. 4and as implemented for the 
presented tests in the photo in Fig. 5.  Fabrication details can 
be found in [8,9].  Multimodal performance was assessed 
through a battery of tests using objects with different thermal 
conductivities, hardness, loading force, and at different 
temperatures.  Hardness calibration results are shown in Fig. 
6 along with the performance predicted by the model shown 
in Fig. 3. These results were obtained by pressing a series of 
reference rubber samples (ranging from Shore A 10 to 80) 
onto the sensor finger (Fig. 5a) and computing the hardness.  
10 tests were conducted for each material sample and a large 
degree of scatter was observed as indicated by the error bars 
in Fig. 6 due to the surface roughness of the material 
samples.  Similar calibration was carried out with the thermal 
conductivity and temperature sensors.  It was found that the 
most reliable measure of the thermal conductivity of the 
contacting object was the time constant of the signal received 
at the RTD, with thermally conductive samples resulting in a 
shorter time constant and insulators a longer one. 

Once the devices were characterized, the multimodal 
finger sensor was used in conjunction with this training data 
to identify materials and objects. Identification of materials 
included in the training data was excellent (>90%). Table I 
shows a sample measurement set where the multimodal 
finger is able to correctly identify all of the tested materials.  

Such measurements can be used to differentiate between ripe 
and unripe fruit, bone and muscle, as well as metals and 
plastics bringing to mind important applications such as 
minimally invasive surgery and smart prosthetics.  

Texture identification proved more challenging, as 
contaminants such as dust introduced large errors in pattern 
imaging.  The tests were conducted by placing artificial 
textures shown in Fig. 7 in contact with the sensing array of 
Fig. 5b.  The strain gauge resistances were monitored with an 
Agilent 34970A data acquisition mainframe in real time via a 
LabView program and GPIB link.  Initially 50 tests were run 
with each texture to establish a training database, followed 
by 50 blind tests where our algorithm guessed the texture in 
contact with the sensor based on measured sensor output. In 
this test we achieved at best 80% correct classification with a 
theoretical best of 98% based on training data and the 
Maximum Likelihood method (Table II).  The overall 64% 
correct identification rate is promising and could be 
improved by dynamic contact methods where the sensor 
moves relative to the texture.  This could possibly reduce the 
impact of dust and other particles that skew sensor output in 
a static case and is the detection method used by the 
biological skin.  In order to accurately assess texture via 
Meissner and Pacinian Corpuscles, humans must move their 
fingers over the surface, as sensory adaptation quickly 
eliminates static inputs.   



Figure 6.  Plot showing hardness detection of multimodal sensor 
performance data (squares) compared to model (solid line). Object 
hardness is normalized by the polyimide substrate hardness. 
  

 
Figure 7.  Textures used for identification experiments. 
 

 
Figure 8.  Micrograph of micro-patterned force sensitive resistors. 

Recently, we are have developed a process for fabricating 
micro-scale elastomer-based force sensitive resistors for use 
as sensors. Fig. 8 shows a sample photo of these sensors.  
Minimum feature sizes are typically 20µm and gauge factors 
up to 40 have been achieved, albeit with non-linear response.  
Connected to a microcontroller using a built in comparator 
these sensors are easily multiplexed. This bypasses many of 
the challenges of measuring small resistance changes across 
large arrays, and is a step in developing a multimodal finger 
or skin system with embedded electronics rather than lab-
scale measurement tools. 

IV. CONCLUSIONS 
Two components of a flexible multimodal skin system 

for object identification are presented.  Testing results show 
that the prototype skin components are capable of 
distinguishing between objects based on material properties 
as well as texture. The success rate for identification was 
90% and 64% for material property and texture based 

discrimination respectively.  This kind of texture as well as 
relative hardness and thermal conductivity data is used by 
the biological skin to provide surprisingly rich information to 
our brains for the handling of a myriad of objects.  Future 
work on integrating these components along with new 
composite elastomer devices holds promise for developing a 
true artificial sense of touch based on the capabilities of 
biological tactile skin. 

TABLE I.  BLIND OBJECT RECOGNITION 

Hardness Temp. Thermal 

Conductivity 

Guess Actual 

Material 

4.3 0.9 ˚C 7.8 Nylon Nylon 

2.1 43.0 ˚C 20.5 60˚C Al 60˚C Al 

10.0 1.6 ˚C 21.5 Al Al 

0.9 1.2 ˚C 5.0 Rubber Rubber 

13.9 1.0 ˚C 7.8 Glass Glass 

a. Temperature is relative to room temperature (~20˚C). 

TABLE II.  TEXTURE RECOGNITION 

Texture Type Detection Ratio Error Ratio 

Diagonal 29/50 = 58% 21/50 = 42% 

Big Diagonal 37/50 = 74% 13/50 = 26% 

Checker 21/50 = 42% 29/50 = 58% 

Four Corners 40/50 = 80% 10/50 = 20% 

Out Box 33/50 = 66% 17/50 = 34% 

Overall 160/50 = 64% 90/250 = 36% 
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