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A Bio-plausible Approach to Realizing Heat-evoked Nociceptive
Withdrawal Reflex on the Upper Limb of a Humanoid Robot

Fengyi Wang1, J. Rogelio Guadarrama Olvera1, Nitish Thakor2 and Gordon Cheng1

Abstract—In this letter, we present a method for realizing the
heat-evoked nociceptive withdrawal reflex (NWR) in the upper
limb of a humanoid robot so that it can avoid the potential
damage caused by noxious heat. We use a spiking neural network
whose structure, encoding scheme, and form of information
transmission mimic the reflex arc in humans to improve bio-
plausibility. The proper synaptic strengths between the sen-
sory neurons and the interneurons in the first two layers are
learned using the bio-plausible reward-modulated spike timing-
dependent plasticity learning algorithm. By monitoring the spikes
from the motor neuron in the third layer, a reflex matching
the intensity of the stimulation can be evoked. Experimental
evaluations show that noxious heat stimulation can be detected
online and evoke the NWR. The experiments on a full-size
humanoid robot show that the method enables robots to avoid
potential damage robustly with proper NWR, depending on the
site and intensity of the stimulation. We also verify that the
method takes advantage of the intrinsic characteristics of its
neuromorphic encoding scheme to reproduce essential features of
the NWR, e.g., spatial summation effect and temporal summation
effect in humans. The improved bio-plausibility and the capability
to reproduce the human-like feature.

I. INTRODUCTION

The capability to interact with environments that are not
fully known and avoid potential damage is vital for the safe
operation of robots. Many mechanisms have been used to pro-
tect robots from damage caused by mechanical collisions while
preventing damage caused by external heat has received less
attention. For example, when a robot works in an environment
where high-temperature heat sources exist, e.g., a kitchen with
a stove, it should quickly move the parts that are too close to
the heat source before they are damaged.

The human reaction under noxious stimulation provides
an excellent example for humanoid robots to learn from.
We can transfer knowledge about human behavior to robotic
systems to provide robots with human-like interaction mech-
anisms. On the other hand, humanoid robots provide us with
the flexibility to quantify the reflexive behaviors of robotic
devices before being tested on a prosthesis involving the
human body. Recently developed neural prosthesis intends
to provide perceptual feedback to amputees [1]. It demands
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Fig. 1: Illustration of the proposed heat-evoked NWR system
that involves Ns robot skin cells, Ni interneurons, and Ni

motor neurons.

local data processing with low energy consumption and the
transmission of the processed data over constrained channels to
the human user. Such performance can be achieved by means
of novel forms of information representation and processing,
such as neuromorphic algorithms like spiking neural networks
(SNNs). The development of event-driven robot skins [2] and
of neuromorphic processors like Intel’s Loihi 2 [3] opens a
perspective to mimic the fast and robust nature of reflex under
a low energy budget.

In this paper, we present a bio-plausible approach based
on SNN to realizing the nociceptive withdrawal reflex on the
upper limb of a humanoid robot. The neuromorphic NWR
system is illustrated in Fig. 1.

A. Nociceptive withdrawal reflex evoked by heat

The nociceptive withdrawal reflex (NWR) is a polysynaptic
spinal reflex that protects the body from damaging stimulation.
The NWR evoked by stimulation of a certain skin area can be
defined as a movement perpendicular to the skin surface away
from the stimulation site [4]. It withdraws the affected skin
site from the noxious stimulation to avoid potential damage
while the body maintains balanced [5].

Proper reaction of the external stimulation relies on faithful
encoding by sensory neurons. [6] shows that not only the
response of an individual neuron is increased monotonically,
but also more neurons are activated as the increase of intensity
of the heat stimulation. Since primary afferents have different
encoding strategies for cold and heat. Thus, this work focuses
only on the reaction to heat stimulation.

The evoke of NWR is not simply gated by a fixed tem-
perature threshold but a consequence of the excitability of
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spinal reflex arch, descending control, and the current sensory
input [7]. High-intensity stimulation or concurrent inputs from
multiple sites can activate more sensory neurons and thus
enhance or facilitate the NWR. This phenomenon is known
as the spatial summation effect [8]. Another phenomenon is
the temporal summation effect, i.e., the withdrawal reflex can
be evoked by high-frequency stimulation with a sub-threshold
intensity [9].

The input signals from different sites over time converge in
the interneurons in the spinal cord [7]. The interneurons also
encode the withdrawal reflex strength and project the output
to motor neurons [10].

B. Neuromorphic NWR system
SNN mimic natural neural networks more closely. In

SNN, neurons only transmit information via action potentials
(spikes) when the membrane voltage reaches the threshold.
Thus, SNN can save a large amount of energy used for data
transfer in artificial neural networks to support more powerful
computations with less energy consumption, especially when
implemented on neuromorphic chips [11].

One of the most biologically plausible spiking neuron
models is the Hodgkin-Huxley model [12]. However, it is
computationally heavy and has tens of parameters, making it
difficult to tune. In contrast, another widely used model, the
leaky integral firing (LIF) model, is so simplified that it cannot
reproduce the firing pattern of biological neurons. In this work,
we consider the Izhikevich model that is computationally
efficient but can still reproduce all the mutually exclusive
properties of biological neurons [13].

Spiking neurons have been used to detect touch and pain
online [1]. Nevertheless, it can only make a binary classifi-
cation between a noxious and innocuous stimulation rather
than assess the intensity of the stimulation and generate
corresponding responses. The lack of a training algorithm
makes the model rely on manually tuned parameters.

C. Contribution
Using our robot skin [2], the environmental temperature can

be acquired from every part of a humanoid robot. In this paper,
we propose a neuromorphic model that mimics the reflex arc
in terms of the structure, encoding scheme at individual and
population levels, and the information transmission method be-
tween neurons. We designed a bio-plausible reward-modulated
spike timing dependent plasticity algorithm to enable the
network to assess the intensity of external stimulation and
generate the corresponding output signal online. The pro-
posed method utilizes the intrinsic characteristics of SNN and
neuromorphic encoding scheme to reproduce several essential
features of the NWR in humans without additional modeling or
training. Our neuromorphic approach may help build closed-
loop interfaces with suitable feedback to human users, which
remains a challenge [14]. The NWR controller generates an
appropriate reaction motions in robots. We demonstrate the
capability of a humanoid robot (H1) [2], [15] to detect noxious
heat stimulation while moving its upper limb and prevent
potential damage caused by heat with NWR while its body
maintains stable and balanced.

II. METHODOLOGY

A. Environmental temperature measurement

Each robot skin cell is a sensing unit that can measure exter-
nal stimulation of different modalities, including temperature.
In addition, the robot skin also provides information about its
position, so the stimulation can be well located.

The area of the robot body where the stimulation is expected
is covered with robot skin. With the event-driven communi-
cation architecture with an event threshold 0.09375 ◦C, the
robot skin can deliver sensing information on a large scale at
up to 250 Hz.

B. Bio-mimetic spiking neural networks

1) Sensory neuron layer: The temperature measured by
the robot skin is encoded into spike trains in real-time by
Izhikevich neurons [16]. The internal states are described with
the following equations:{

dvi/dt = 0.04vi
2 + 5vi + 140− ui + I

dui/dt = a(bvi − ui)
(1)

if vi ≥ vsth, then
{
vi ← c
ui ← ui + d

(2)

The dynamic of a neuron is defined by four parameters a,b,c,
and d. The variable vi represents the membrane potential of
the artificial sensory neuron nsi . The variable I describes the
polarization rate caused by external stimuli, having a unit of
mV/ms. When vi reaches the threshold vsth, the neuron spikes,
and the vi is reset to c. ui is the membrane recovery variable
that increases by d when the sensory neuron nsi spikes.

Heat stimulation induces an initial burst activity and subse-
quent adaptation to stable temperature in heat-sensitive neu-
rons [17]. So we adopt the parameters of the Izhikevich neuron
model with the intrinsically bursting spiking pattern to mimic
the firing pattern of the biological heat-sensitive neurons where
a = 0.02 ms−1, b = 0.2 ms−1, c = −55 mV, d = 8 mV/ms
and vth = 30 mV.

Biological heat-sensitive neurons have different activation
temperatures Ta, and the response of the vast majority of them
increases monotonically with increasing intensity of the heat
stimulation in a half Gaussian-like form [6]. Thus, we use
functions (3) and (4) to mimic such tuning curve:

Isi = exp

(
−1

2

(T i
max − T )2

σ2
i

)
· Ismax (3)

if T ≥ T i
max, then Isi = Ismax (4)

Isi represents the polarization rate of the i-th sensory neuron nsi
whose activation temperature is T i

a. T represents the temper-
ature of the robot skin sensor, and T i

max is the temperature
at which nsi is fully activated. Tmax is set to 52 ◦C for
all nsi according to the activation threshold of the TRPV2
ion channel, which is related to the detection of very hot
temperature (> 52 ◦C). σi = Tmax − T i

a, so that all neurons
have the same polarization rate Isa at their respective activation
temperatures:

Isa = e−
1
2 · Ismax (5)
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We set Ismax to 20 mV/ms, so that step response of
polarization rate Isa causes burst activity. Otherwise, the neuron
spikes regularly as the ongoing activity in the biological heat-
sensitive neurons [18].

Furthermore, [6] showed that heat is also encoded in a
graded fashion by a population of neurons, which means
that more heat-sensitive neurons are activated as temperature
increases. There are mainly three groups of heat-sensitive
sensory neurons whose activation temperatures are Ta =
38 ◦C, 43 ◦C and 50 ◦C, respectively. According to this mech-
anism, three artificial sensory neurons with the corresponding
activation temperatures are used to perform the neuromorphic
encoding at the population level.

2) Interneuron layer: The interneurons in primates also
have a burst firing pattern [19]. We use the same neuron model
(1) (2) to describe the internal states of interneurons.

The spike trains from a skin cell and its neighbors, and
the descending control converges in the interneuron layer. The
polarization rate of an interneuron is increased when it receives
a spike from a sensory neuron. Otherwise, the polarization rate
decreases over time.

The amplitude of the post-synaptic polarization rate change
can be determined by the synaptic strengths si,j between the
i-th sensory neuron nsi and the j-th interneuron nij . We use a
parameter ϵ to represent the overall effect of the descending
control and the excitability of the spinal reflex arch. The
polarization rate of the j-th interneuron Iij is described by the
following equation:

dIij/dt = −Iij/τi (6)

when nsi spikes, Iij = Iij + ϵ · si,j · Imax (7)

The robot skin cells mounted on the same part of the
robot are considered homogeneous, and all the corresponding
sensory neurons contribute to the membrane potential of the
interneuron. Thus, the overall excitability E of the neuromor-
phic model for these Ns cells is:

E = Ns · ϵ (8)

While E = 1 is the normal state, E > 1 means that
the NWR is facilitated, and E < 1 means that the NWR is
inhabited. The synaptic strengths si,j are determined with the
learning algorithm introduced in II-C.

3) Output layer: This layer contains several artificial motor
neurons nmi that mimic an α motor neuron that evokes the
NWR in humans. These neurons can be modeled as leaky
integrate and fire neurons with synapses connected to the
interneurons [1]. The dynamic of the motor neurons can be
described with the following equations:

dvm/dt = (v0 − v)/τm (9)

if vm ≥ vmth, then vm = v0 (10)

The resting potential v0 = -70 mV and the time constant
τm = 50 ms which is presented in [20]. A spike from an
interneuron induces a 30 mV increment in the membrane
potential of the motor neuron vm. When vm reaches the
threshold vmth, the motor neuron generates a spike, and the
membrane potential vm is reset to the resting potential v0.

C. Learning algorithm

The network’s response is evaluated after the stimulation
phase. The patterns may no longer be there when the reward
comes, making it a distal reward problem. The ongoing activity
of the sensory neurons may also affect the determination of
the proper synaptic strengths of synapses. These problems
can be solved with the bio-plausible reward-modulated spike
timing dependent plasticity (R-STDP) algorithm. In this work,
the synaptic strengths of the synapses between the sensory
neurons and the interneurons are determined with the R-STDP
algorithm [20].

In an STDP synapse, the modification of synaptic strength
si,j that arises from a pair of pre- and post-synaptic spikes
with the inter-spike interval ∆t = tpost− tpre is expressed by
F (∆t):

F (∆t) =

{
A+ exp (∆t/τ+) if ∆t < 0
A− exp (−∆t/τ−) if ∆t ≥ 0

(11)

The reward modulation of an STDP synapse can be de-
scribed by the following differential equations: dC/dt = −C/τC

de/dt = −e/τe + F (∆t) · δ(tpre/post)
ds/dt = C · e/τs

(12)

The variable C represents the concentration of extracellular
dopamine, i.e., the reward/punishment signal, and e represents
the eligibility trace for synaptic modification. The decay rates
τC , τe, and τs control the sensitivity of the plasticity to the
delayed reward/punishment.

Previous research has demonstrated that the NWR threshold
is often highly correlated with the pain threshold and that
the NWR magnitude is related to the intensity of perceived
pain level [21], [22]. The relationship between the intensity
of perceived pain and the intensity of the stimulation is: ψ =
k (T − T0)α, where T is stimulation intensity (temperature)
and T0 is the threshold of pain [8]. We define the normalized
perceived pain level |ψ| as the ratio of the pain intensity to
the pain intensity at Tmax:

|ψ| = ψ

ψmax
=

k (T − T0)α

k (Tmax − T0)α
=

(
T − T0

Tmax − T0

)α

(13)

|ψ| is independent of the scaling factor k. α = 2.3 and T0 =
44 ◦C according to [8].

In the learning phase, the motor neuron does not fire so that
a continuous membrane potential vm can be obtained. vm is
normalized by a scaling factor K to match the scale of |ψ|
and the threshold of the motor neuron:

|vm| = (vm + vmth)/K (14)

Ideal noxious stimulations of random intensities that lasts
for 100 ms followed by a cooling phase that lasts for 2 seconds
at the baseline temperature are presented to the network. The
baseline temperature is 35 ◦C in this learning algorithm, which
is the same as the experiments in [8][23]. The maximum
value of the average membrane potential |vm|max during the
stimulated phase is defined as the activation level of the motor
neuron.
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An noxious step stimulation with magnitude Ts applied on
time t0 and last for ts is defined as:

T = Ts · (H(t− t0)−H(t− t0 − ts)) (15)

where the magnitude Ts ≥ T0 and H(t) is the Heaviside step
function.

After each stimulation phase, a reward/punishment signal is
given. The intensity of the reward/punishment is determined by
the relationship between the normalized perceived pain level
|ψ| and the activation level |vm|max.

C = |ψ| − |vm|max (16)

The parameters used for the learning algorithm are summa-
rized in table I.

An example of the learning process using the R-STDP
algorithm is illustrated in Fig. 2.

D. NWR in the upper limb of the robot

When the stimulation is strong enough, the NWR in the
upper limb of the robot is evoked to avoid potential damage.
Based on the results of previous studies in animals [4], we
define the NWR evoked by stimulation of a certain robot skin
area in robots as a movement perpendicular to the skin surface
away from the stimulation site in Cartesian space. The average
temperature T̄R of the affected skin cells at which the NWR
is evoked is defined as the NWR threshold.

The strength of the NWR is determined by the reflex gain
gr encoded by the relative spike latency ∆t between spikes of
the motor neuron

gR = 1 + exp(
∆tmin −∆t

Km
) (17)

We set ∆tmin = 45 ms according to the response to step
stimulation at 50 ◦C. The scaling factor Km is set to 20. When
∆t > 100 ms, we consider the stimulation too weak to evoke

TABLE I: Parameters used in learning algorithm
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Fig. 2: In (a), the red and blue dots represent the time when
the reward/punishment signal are given and when the post-
and presynaptic neurons spike, respectively. (b), (c) and (d)
show important variables in the R-STDP.

Heat source
Robot skin cell

Fig. 3: Patch wrench wR generation with robot skin.

an NWR. The magnitude of the virtual reflex force vector Fi

depends on the reflex gain gR:

Fi = [0, 0, gR · f ]⊤ (18)

The stimulation site is obtained from the robot skin. Then,
we can define a coordinate frame Oc where the center of a
skin cell is located. Oρ is defined as the common reference
frame of the affected skin cell and its neighboring cells. Fi is
applied perpendicularly to these cells to generate the NWR.

The cell wrench wiρ in Oρ is then computed

wiρ =

[
ρRiFi

ρpi × ρRiFi

]
(19)

where ρRi ∈ SO(3) is the rotation from Oc to Oρ, and
ρpi ∈ R3 is the translation from the origin of Oc to Oρ.

The patch wrench wR used in the torque computation is the
accumulation of cell wrenches:

wR =

Ns∑
i=1

wiρ =

[
FR

µR

]
(20)

With the transformations from Oρ to the base link O0, the
joint torque vector τR ∈ Rn generated by wR is computed:

τR = 0J⊤
ρ (q)wR (21)

where τR is the joint torque vector generated by the virtual
reflex force, and 0Jρ ∈ R6×n is the geometric Jacobian
mapping joint velocities q̇ onto Cartesian velocities of Oρ with
respect to the world coordinate frame O0.

The humanoid robot is a floating base system with naturally
unstable and constrained dynamics. Thus, the NWR controller
has to be executed alongside other controllers, e.g., the center
of mass controller and self-collision avoidance controller, to
produce intelligent behaviors in a humanoid robot. The robot
runs a strict hierarchical control system using the null-space
projection method [24] to guarantee the bipedal balance and
postural stability. For a free-floating base system in the form

M(x)ν̇ + C(x, ν)ν + g(x) = S⊤τ (22)

where x is the state vector containing the pose of the floating
base and the joint states. ν ∈ Rn+6 is the complete velocity
coordinates, containing the floating base’s linear and rotational
velocities and joint velocities. M(x), C(x, ν) and g(x) are
the inertia matrix, Coriolis matrix, and gravity effects vector,
respectively.
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The NWR controller is executed in the null space of
controllers with higher priority as described in [25]. The
control of the system is computed in the form:

τ = τconst +Nconst (τ1 +N2 (τ2 + . . .+Nmτm . . .)) (23)

where τconst is the torque vector generated by the constraints
and highest priority tasks, and Nconst is the dynamically
consistent null-space projector to execute the lower priority
tasks in the null-space of the constrained tasks and Nm

represents the null-space projector for the controller with the
m-th priority.

In this work, the priority of the NWR task is lower than the
tasks that guarantee the biped balance of the humanoid robot
but higher than the purpose tasks such as the Cartesian hand
task.

III. EXPERIMENTAL EVALUATION

In these experiments, responses of the proposed neuromor-
phic model to stimulated and realistic heat stimulation are
tested. The proposed method is evaluated on a humanoid
robot covered by robot skins. We also examined whether
the proposed method can reproduce the desired human-like
features. The proposed neuromorphic model is implemented
in C++ using the Robot Operating System (ROS).

A. Response to simulated stimulation

A minimal network that contains three sensory neurons and
one interneuron was trained for a single robot skin cell as
described in II-C.

Multiple noxious step stimulation (15) of different intensi-
ties are applied to test the response of the proposed network.
The NWR threshold for step stimulation is 44 ◦C.

As shown in Fig. 4, ∆t decreases as the stimulation intensity
increases. Consequently, the reflex gain gR increases approxi-
mately exponentially, which is consistent with the strength of
NWR evoked by radiant heat in the forearm [23].

We also apply stimulation with different baseline temper-
atures and heating rates to the model. Fig. 5 shows that the
NWR threshold of the proposed model hardly changes with
the adaptation temperature in the innoxious range, which is
consistent with studies in humans [26]. In this figure, we also
show that higher heating rates slightly increase the threshold,
which is consistent with studies in animals [27].
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Fig. 4: The red and blue lines illustrate how the relative spike
latency ∆t and reflex gain gR vary with stimulation intensity,
respectively. The dashed line shows the form of NWR strength
in the human forearm.
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Fig. 5: NWR thresholds at different heating rates and adapta-
tion temperatures. In comparison, The dashed line shows how
the threshold at different heating rates in animals.

B. Response to heat stimulation

In this experiment, a robot skin patch with three activated
skin cells is heated by a lamp of 1kW power at a ramp of
about 2 ◦C/s with radiant heat.

Fig. 6 illustrates the records of two experiments. In the
second experiment, whose results are shown in Fig. 6(b), the
cell 2 and 3 were heated intensively. Compared to the results
shown in Fig. 6(a), the sensory neurons with high Ta (neuron
index 5 and 8) are recruited under high temperature to evoke
the NWR.

In the five repetitions of the experiment, the average NWR
threshold is stable at around 45 ◦C. Note that this threshold
is slightly higher than the threshold under step stimulation,
which reveals the temporal feature of the proposed model that
it is more sensitive to rapidly changing temperatures.

C. Human-like features

The evoke of NWR in humans is not simply gated by a
fixed threshold. Therefore, we examined whether the proposed
neuromorphic model can reproduce several essential human-
like features in this part.

1) Spatial summation effect: In humans, high-intensity
stimulation or concurrent inputs from multiple sites can acti-
vate more sensory neurons and thus facilitate the NWR, known
as the spatial summation (SS) effect [7].

The SS effect under high-intensity stimulation can be re-
vealed in the experiment result in Fig. 6 (b). The sensory
neurons with high Ta are recruited to evoke the NWR when
only a part of the robot skin patch is heated intensively.

To show the SS effect under concurrent inputs, we varied
the number of activated skin cells without modifying any other
configuration. Fig. 7 shows the results of 5 trials with 2, 3, and
4 robot skin cells. It can be seen that the threshold decreases
steadily with the increase of stimulated skin area.

If ϵ is modified according to the number of activated skin
cells to keep the overall excitability E = 1, the NWR threshold
remains stable, allowing the method to be applied to sensors
with higher spatial resolution.

2) Temporal summation effect: Besides the SS effect, an-
other essential feature of NWR is the temporal summation
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(TS) effect, i.e., the NWR can be evoked by high-frequency
stimulation with a sub-threshold intensity [9].

In this experiment, step stimulation repeated at 25 Hz with
a sub-threshold intensity is applied to the network. In each
period, the stimulation phase lasts for 10 ms and returns to
the baseline temperature of 35 ◦C afterward.

We found that the NWR threshold is lowered to 42 ◦C for
the repeated stimulation, although the average intensity over
time is significantly lower. Comparing to the results in III-A,
we can find that the NWR is facilitated, which is consistent
with the results of the study in human [9]. The applied
stimulation and the raster of the proposed neural network are
shown in Fig. 8.

D. Nociceptive withdrawal reflex in a humanoid robot

We evaluated the proposed method in a full-size humanoid
robot covered with robot skin in a cooking scenario.

The humanoid robot moved its right hand along a pre-
determined trajectory above a working electrical stove. The
temperature on the surface of the electric stove is about 220◦C.
The temperature information from the six activated robot skin
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Fig. 8: TS effect experiment result. (a) shows the repeated
stimulation used in the experiment. (b) shows the raster of the
proposed neural network.

cells on the dorsal side of the hand is processed online by the
neuromorphic model under a facilitated setting.

The proposed heat-evoked NWR model can successfully
detect noxious stimulations in multiple repeated experiments.
Fig. 9 illustrates the movement of the humanoid robot in one of
these experiments. When a noxious stimulation was detected,
the robot withdrew its hand perpendicular to the skin surface
away from the stimulation site while the other controllers, e.g.,
the self-collision avoidance and the balance controllers, were
still working properly.

The recording of one of these experiments is illustrated in
Fig. 10. We set E = 1.5 to lower the reflex threshold to avoid
any potential damage to the robot. It can be observed that the
humanoid robot successfully avoided the further increase of
the skin surface temperature by means of NWR.

To compare the trajectories in the NWR of the humanoid
robot and humans, we set the initial posture and stimulation
location of the robot as in [28]. The trajectories of the forearm
are illustrated in Fig. 11, and we find that their trajectories are
similar. Fig. 12 shows that the proposed method allows the
robot to make different responses depending on its posture
and the stimulation site.
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(1)

(2)

(3)

Fig. 9: NWR experiment on H1 humanoid robot. (1) shows the
initial setup for the experiment. (2) shows the robot moving
its hand toward the heat source. (3) shows the nociceptive
withdrawal reflex evoked by the heat.
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Fig. 10: (a) shows the temperature acquired from the robot
skin mounted on the dorsal side of the robot hand. (b) shows
the reflex gain gR. (c) shows the joint velocity of the right
arm of the humanoid robot.
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Fig. 11: Comparison of the trajectory of humanoid robots and
humans forearms [28] in the NWR. The duration has been
normalized due to the different speeds of a human and the
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(a) (b)

Fig. 12: (a) and (b) show the trajectories of the H1 humanoid
robot in the NWR evoked in different posture. In (a) and
(b), the stimulation are applied to the lateral forearm and the
anterior upper arm, respectively.

E. Comparison

We compare the proposed method with the feed-forward
spiking neuron (FSN) model in [1] and the neural classifier in
[29]. Regarding biological plausibility, the proposed method
has a structure that mimics the polysynaptic reflex arc and the
encoding scheme of a population of heat sensory neurons and
interneurons. On the other hand, the FSN also has a polysynap-
tic reflex arc structure but only mimics the encoding scheme of
an individual sensory neuron. The lack of a training algorithm
makes the model relies on manually tuned parameters.

We demonstrate in III-C that the proposed heat-evoked
NWR model can reproduce the human-like SS and TS effects.
As a comparison, we reproduced the FSN in [1], which also
has a multi-layer spiking neuron structure. The FSN has the
potential to reproduce the TS effect, but it is limited by the
oversimplified LIF model used for the interneuron. Moreover,
the lack of proper connections between the interneuron and the
multiple sensory neurons inhibits the FSN from reproducing
the SS effect.

The neural classifier in [29] has two perceptrons. It distin-
guishes between noxious and innoxious stimulation according
to the intensity rather than spatial or temporal features. There-
fore, it was not designed to reproduce TS or SS effect.

Both baseline methods can only make a binary classification
between noxious and innocuous stimulation. In contrast, the
proposed method can generate reflex strength according to the
intensity of the stimulation. The humanoid robot can make
the NWR according to the intensity of the stimulation and
the spatial relationship between the simulation site rather than
making stereotyped movement as in [1]. The neuromorphic
implementation can be deployed on low-power neuromorphic
hardware, which is not possible for conventional approaches,
e.g., threshold with feature extraction or other post-processing.
The comparison is summarized in table II.

IV. CONCLUSION

In this paper, we present an approach to generate the heat-
evoked NWR in the upper limb of a humanoid robot. The
bio-plausibility and the reproduction of essential human-like
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TABLE II: Comparison between the proposed method and baseline methods.

Bio-plausibility SS TS Reflex strength Reflex Movement
Heat-evoked

NWR
Structure pf the poly-synaptic reflex arc

Encoding scheme of neurons at individual and population levels Yes Yes Adaptive Adaptive

FSN Structure pf the poly-synaptic reflex arc
Encoding scheme of individual sensory neurons No Potentially Fixed Fixed

Neural classifier No No No Fixed -

features in NWR make it possible to apply the method on
neural prosthesis to provide feedback to users.

We utilize a three-layered SNN structure to mimic the poly-
synaptic reflex arc in humans. The sensory neurons convert
the input of the sensor data stream from the robot skin into
spike trains at the population level by mimicking the encoding
scheme in humans. Spike trains from multiple sensory neurons
converge in the interneurons. The proper response is learned by
the bio-plausible R-STDP algorithm. The motor neurons gen-
erate proper NWR strength encoded in relative spike latency.
The NWR controller allows the robot to make a human-like
reaction according to the site and intensity of the stimulation
to avoid potential damage.

We evaluated the proposed method with simulated stimu-
lation and radiant heat stimulation. The experimental results
show that the method can robustly detect noxious heat stimu-
lation online. Furthermore, by taking advantage of the intrinsic
characteristics of the bio-mimetic method, essential features of
the NWR in humans, e.g., the TS effect and the SS effect, are
reproduced without additional effort.

Future researches include constructing a neuromorphic
model that directly receives the raw sensor data stream and
integrating the proposed sensory mechanism into a neuromor-
phic control architecture to create a low-power and low-latency
robot protection mechanism.
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human skin nerves,” Pflügers Archiv, vol. 370, no. 1, pp. 111–114, 1977.

[18] I. Darian-Smith, K. O. Johnson, C. LaMotte, Y. Shigenaga, P. Kenins,
and P. Champness, “Warm fibers innervating palmar and digital skin of
the monkey: responses to thermal stimuli,” Journal of Neurophysiology,
vol. 42, pp. 1297–1315, Sept. 1979.

[19] T. Takei, J. Confais, S. Tomatsu, T. Oya, and K. Seki, “Neural basis
for hand muscle synergies in the primate spinal cord,” Proc. Natl. Acad.
Sci. U. S. A., vol. 114, pp. 8643–8648, Aug. 2017.

[20] E. M. Izhikevich, “Solving the Distal Reward Problem through Linkage
of STDP and Dopamine Signaling,” Cerebral Cortex, vol. 17, pp. 2443–
2452, Oct. 2007.

[21] J. C. Willer, “Comparative study of perceived pain and nociceptive
flexion reflex in man,” Pain, vol. 3, no. 1, pp. 69–80, 1977.

[22] J. C. Miller, F. Boureau, and D. Albe-Fessard, “Supraspinal influences
on nociceptive flexion reflex and pain sensation in man,” Brain research,
vol. 179, no. 1, pp. 61–68, 1979.

[23] I. G. Campbell, E. Carstens, and L. R. Watkins, “Comparison of human
pain sensation and flexion withdrawal evoked by noxious radiant heat,”
Pain, vol. 45, pp. 259–268, June 1991.

[24] A. Dietrich, C. Ott, and A. Albu-Schäffer, “An overview of null space
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