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Motion Compensator for an
Untethered Walking Insect
Using Adaptive Model
Predictive Control
A locomotion compensator is normally utilized to observe the behavior of walking insects.
These compensators cancel out the movement of freely walking insects to facilitate long-
term imaging for studying behavior. However, controlling the locomotion compensator
with a small error (≤ 1mm) has been challenging due to the random motion of walking
insects. This study introduces an adaptive model predictive control (MPC) approach com-
bined with trajectory prediction to effectively control the transparent omnidirectional loco-
motion compensator (TOLC) for a randomly walking fire ant. The proposed MPC with
prediction (MPCwP) utilizes the average velocity from the previous gaiting cycle to estimate
its future trajectory. Experimental results demonstrate that MPCwP significantly outper-
forms MPC without prediction (MPCwoP), which relies solely on the current position
and orientation. The distance error of the MPCwP method remains below 0.6mm for
90.3% and 1.0mm for 99.2% of the time, whereas MPCwoP achieves this only 32.6%
and 69.1% of the time, respectively. Furthermore, the proposed method enhances the track-
ing performance of the heading angle, with the heading angle error staying below 8 deg for
92.6% of the time (wθ = 1.0). The enhanced performance of the proposed MPC has the
potential to improve the observation images and enable the integration of additional equip-
ment such as an optical microscope for brain or organ imaging. [DOI: 10.1115/1.4064370]

Keywords: adaptive control, biological systems applications, dynamics and control, model
predictive control (MPC)

1 Introduction
The study of animal behavior can provide insight into diverse

fields that include neuroscience, genetics, social evolution, biome-
chanics, and swarm intelligence. A major challenge for studies in
animal behavior, however, has been the need for methods that pre-
cisely quantify behavior at scale. A potential solution has come in
the form of automated tracking systems that can record and identify
behaviors in real time [1,2]. However, tracking animal’s behavior is
a challenging problem because it requires keeping a target animal in
the camera’s field of view as it moves. This challenge is especially
pronounced when observing small insects, such as ants and fruit
flies, due to their random and fast movements.
To observe and track insect walking behavior, researchers often

employed an automated robotic system that rotates the sphere in
the desired direction to maintain the target insect’s position
within the field of view of the camera while it walks on the
sphere [3–14]. Commercial setups like Ockenfels LC-100 [14]
are inspired from the experimental setup of Kramer [5]. Recent
versions of this device have introduced an omnidirectional

locomotion compensator that simultaneously cancels the position
and heading of the target animal [7,8,13]. While the tether-free
locomotion compensator offers a promising method for observing
small insects’ behavior without motion restriction in infinite space,
high-resolution imaging of their activities remains a challenging
task due to the large positional errors due to their random
movements. Conventional approaches have used proportional-
integral-derivative (PID) control that compensates for errors
without considering the random motion of the walking insect.
Thus, the average error of these systems is typically a few milli-
meters, which represents a substantial error when compared to
the size of a typical ant or fruit fly, which may be only 1–4mm
in total length.
This article presents an innovative adaptive model predictive

control (MPC) method that enhances the tracking performance of
the transparent omnidirectional locomotion compensator (TOLC)
when observing a freely walking fire ant (Solenopsis invicta). The
method employs a moving average algorithm to predict ant’s move-
ments and generate a target trajectory for control. The adaptive
MPC approach is then employed to control the nonlinear model
of the TOLC. The experimental results demonstrate that the pro-
posed method enables highly precise and accurate high-resolution
tracking and imaging of insect behavior, offering new possibilities
for researchers studying animal behavior.
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2 Materials and Methods
2.1 TOLC System Overview. The TOLC is the active omni-

directional motion compensator for a walking insect using the trans-
parent sphere [13]. Figures 1(a) and 1(b) show the overall schematic
drawing and its implementation, respectively. While an insect is
walking on top of the ball, the TOLC compensates insect’s
motion by rotating a transparent sphere using three omnidirectional
wheels. The omnidirectional wheel is designed to achieve continu-
ous contact with a sphere using alternated passive rollers, which
creates a nearly continuous rotation of the sphere. The omnidirec-
tional wheels were evenly placed at every 120 deg and oriented at
40 deg with respect to the xy-plane to support the sphere as
shown in Figs. 1(c) and 1(d ). Three DC servomotors are controlled
to actuate omnidirectional wheels and the sphere. We utilized the
optical sensor that measures the rotations of the sphere. Due to
the noise of the optical sensor on the transparent sphere, the rotation
of the sphere is determined by converting the measured motor rota-
tions. We assumed that the slip between the omnidirectional wheels
and sphere is negligible. The near-infrared (NIR) camera under-
neath the transparent sphere records the motion of the insect
while NIR light-emitting diodes around the circumference of the
sphere illuminate the insect motion from the bottom of the
sphere. The dimensions and system parameters of the TOLC are
described in Table 1.

2.2 System Model. The sphere of the TOLC rotates without
translation since it is on top of three omnidirectional wheels.
Throughout the control process, a walking insect is positioned on
the upper surface of the sphere, and the image frame (x, y, θ) in
Fig. 2 represents the position of the TOLC. A posture of an insect
(xt, yt, θt) in Fig. 2(b) is defined as follows:

xt , yt , θt[ ]T = x, y, θ[ ]T+ ex, ey, eθ
[ ]T

(1)

where the error on the image plane is [ex, ey, eθ]T . The image coor-
dinate frame can rotate in z-axis only, not in x- and y-axis, so that the
image plane is always at the top of the sphere while rotating when
an insect turns. We formulated the following TOLC model as
follows (see Supplemental Materials on the ASME Digital
Collection):

ẋ = rsp θ̇x sin θz
( )

+ θ̇y cos θz
( ){ }

ẏ = rsp θ̇x cos θz
( )

− θ̇y sin θz
( ){ }

θ̇ = θ̇z

θ̈x = −
b

I
θ̇x +

ktrw
Irsp

( )
sα cβ1u1 + cβ2u2 + cβ3u3
( )

θ̈y = −
b

I
θ̇y +

ktrw
Irsp

( )
sα sβ1u1 + sβ2u2 + sβ3u3
( )

θ̈z = −
b

I
θ̇z +

ktrw
Irsp

( )
cα

3
u1 + u2 + u3( )

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(2)

where θx, θy, and θz represent the angular position of the sphere in
the x-, y-, and z-axis, respectively. ui is a control input for the ith
motor, and s and c are trigonometric functions sine and cosine.

2.3 Adaptive Model Predictive Control. The dynamic model
of the TOLC shown in Eq. (2) is a nonlinear model due to the sinu-
soidal functions. Thus, the adaptive model predictive control is
implemented for the TOLC by linearization, which updates the
model parameters in real time. Equation (2) can be rewritten in a
matrix form as follows:

Ẋ = AX + BU
Y = CX

(3)

where a state vector X = [x, y, θ, θ̇x, θ̇y, θ̇z]T , an input vector U =
[u1, u2, u3]

T, and the state-space matrices A, B, and, C are given

Table 1 Dimensions and system parameters

Description (symbol) Value (unit)

Radius of sphere (rsp) 50.8mm
Radius of omnidirectional wheel (rw) 50.0mm
Tilt angle (from xy-plane) (α) 40 deg
Distribution angle of wheel (β) [0 deg, 120 deg, 240 deg]
Unit torque of motor (kt) 0.4 N ·m
Mass of sphere (m) 0.648 kg
Damping coefficient (b) 0.025 N ·m · s/rad
Input delay (td) 0.04 s
Moment of inertia (sphere) (I) 6.89 × 10−4 kg ·m2

Sampling time (dt) 5ms

Fig. 1 Transparent omnidirectional locomotion compensator:
(a) overall schematic drawings, (b) experimental setup, (c) top
view, and (d) side view

Fig. 2 TOLC dynamic model. (a) Schematic drawing. Gray
plane: Image plane where an ant is walking. (b) The NIR image
of a walking ant. The sphere position (x, y, θ) is the center of
the image. The error is defined as (ex, ey , eθ), and the ant position
is (xt, yt, θt).
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as follows:

A = 06×3

rsp sin θz rsp cos θz 0
−rsp cos θz rsp sin θz 0

0 0 1
−b/I 0 0
0 −b/I 0
0 0 −b/I

⎡⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎦

B =
ktrw
Irsp

03×3
sαcβ1 sαcβ2 sαcβ3
sαsβ1 sαsβ2 sαsβ3
cα

3
cα

3
cα

3

⎡⎢⎢⎢⎣
⎤⎥⎥⎥⎦

C = I3×3 03×3
[ ]

(4)

To linearize the matrix A, we assumed that the change of θz is neg-
ligible in short duration so that θz is approximated as θz,k, a rotation
angle at the current step k. Then, sin θz and cos θz are replaced as a
constant value as sin θz,k and cos θz,k. The matrix A is updated in
every step for linearization. Then, the linear time invariant (LTI)
and discrete model for adaptive model predictive control is
expressed as follows:

Xk+1= Adt + I( )
︷���︸︸���︷Ã

Xk+ Bdt
︷︸︸︷B̃

Uk , k = 0, 1, 2, . . . n
Yk = CXk

(5)

The predictive state at each future step is expressed from the dis-
crete model in Eq. (5) as follows:

Y→k+1 = PXk + SU→k−Nd + HU→k (6)

where Y→k+1 is the future output states after step k, Xk is the current
state of the system, U→k−Nd is the committed inputs during the delay
in the past, and U→k is the future inputs. The matrices P, S, and H
are obtained from the state-space matrices as follows:

X→k+1 = Xk+1 | k . . . Xk+Np | k
[ ]T

Y→k+1 = Yk+1 | k . . . Yk+Np | k
[ ]T

U→k−Nd = Uk−Nd . . . Uk−1
[ ]T

U→k = Uk | k . . . Uk+NC−1 | k
[ ]T

P = CÃ CÃ
2

. . . CÃ
Np

[ ]T
Sij =

0 i < j
( )

CÃ
i−j
B̃ 1 ≤ i ≤ Np, 1 ≤ j ≤ Nd

( ){

Hij =
0 1 ≤ i ≤ Nc or i < j

( )
CÃ

i+j−Nc−Nd
B̃ Nc < i ≤ Np, 1 ≤ j ≤ Nc

( ){
(7)

where Np is a prediction horizon,Nc is a control horizon, and Nd rep-
resents steps of delay. We set Np= 12, Nc= 4, and Nd= 8 from the
measurement of the system.
The purpose of MPC is to minimize the error between the pre-

dicted output and the reference input trajectory. Therefore, the
cost function can be contracted as follows:

J =W‖Y→k+1 − Ŷ→k+1‖2 + λ‖u→i+1‖2 (8)

where Ŷ→k+1 is a reference input trajectory, W is the weight
matrix, and λ is a regularization gain. The role of λ is to penalize
a higher input to avoid an unnecessary aggressive input. The
weight matrix W is set as follows to weigh the priority of tracking
between the position error and orientation error:

W = diag 1 1 wθ . . . 1 1 wθ

[ ]( )
(9)

where diag (·) represents a diagonal matrix with the specified ele-
ments on the diagonal and wθ is a weight factor of heading. If wθ

is set as 0, the position error is only compensated while the orienta-
tion error is ignored. Since the proposed system becomes the LTI
system after linearization, the least square method is implemented
to find the optimal solution of Eq. (9).

2.4 Prediction of Ant Trajectory. The cost function in Eq. (9)
is minimized when the difference between the predicted output tra-
jectory Y→k+1 and the reference input Ŷ→k+1 is minimized. Since
Ŷ→k+1 is a future trajectory of random walking of an insect, the pre-
diction of an insect’s motion is critical for the proposed MPC
method. The MPC with prediction (MPCwP) is achieved by
setting a future walking trajectory of the insect as an input reference
trajectory. The MPC without prediction (MPCwoP) sets the input
reference trajectory as a current position and orientation only. To
obtain a future trajectory of a walking insect, we implemented a
simple prediction method, a moving average. First, an average
vector (�xt,k , �yt,k) of the movement at the current step k is computed
from the position of the insect in the previous nmov steps as follows:

(Δ�xt,k , Δ�yt,k) =
∑nmov

i=1 xt,k−i+1 − xt,k−i, yt,k−i+1 − yt,k−i
( )

nmov
(10)

Then, the next positions in the future ith step are projected by con-
catenating the average vector (�xt,k , �yt,k) from the current insect posi-
tion (xt,k, yt,k):

xt,k+1 = xt,k + i · Δ�xt,k
yt,k+1 = yt,k + i · Δ�yt,k (11)

The average gaiting cycle of the walking ant is around 120ms (∼8
Hz gait cycle). Thus, the window for moving average is 12 steps,
which is the same as half of the average gaiting cycle of the ant.
Thus, the proposed method estimates the future trajectory of the
walking insect from an average velocity vector of the previous
gaiting cycle. When the ant walks continuously at the same
speed, the controller compensates the error effectively using the pre-
dicted trajectory of the walking ant. However, when an ant changes
its speed or direction, the error increases due to the limitation of the
prediction method. Figure 3 shows the overall control flow of the
proposed MPC method for the TOLC.

2.5 Fire Ant Husbandry. We collected queenright colonies of
the red imported fire ant (Solenopsis invicta) from the area sur-
rounding Kennesaw State University (Marietta, GA). We separated
workers and brood from the soil using the water drip method [15],
and colonies were then housed in plastic containers with a water
tube plugged with a cotton ball to serve as a nesting chamber. Col-
onies were maintained on a 12:12 light/dark cycle at 25 °C and
received 20% sucrose solution, dead beetle larvae (Zophobas
morio), and Bhatkar diet ad libitum [16]. Before experiments, we
placed the ant on the apparatus for 5min to acclimate prior to
data collection. After each experiment, we provided 30min of
“cool” time for the ants to get its strength back. The experiment
was conducted in a dark environment at room temperature.

3 Results and Discussion
The results in Fig. 4 demonstrate the walking motion achieved

with MPCwP. Figure 4(a) shows the sequence of images and the
path taken by the ant and TOLC while walking with a small turn.
The ant was at the origin at t= 0 s, and the path undergoes fluctua-
tions as the ant turns, eventually moving straight after 0.55 s, as
shown in Figs. 4(a)–4(e). Figure 4( f ) shows a significant distance
error of over 1mm after its initial turn (∼0.2 s) and completion of
turning (0.55 s) because the predicted trajectory deviated from the
actual movement. During straight motion after 0.55 s, the average
distance error (ed) reduces to 0.393mm because the prediction
agrees well with the actual movement. In Fig. 4(g), the heading
error experiences an initial increase from 0 to 20 deg while
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turning and further increases to 30 deg at around 0.4 s. In Fig. 4(h),
the average inputs before and after turning (at 0.55 s) stand at 211.2
and 78.6, respectively, indicating that a larger input is required to
effectively compensate for the heading angle error.
The simulated outcomes presented in Fig. 5 provide a compara-

tive analysis between MPCwP, MPCwoP, and PID when wθ = 0.0.
In this simulation, the actual movements of the ant in Fig. 4 are uti-
lized as input. As shown in Figs. 5(a) and 5(b), the trajectory of
MPCwoP and PID lag behind the ant, while the trajectory of
MPCwP closely tracks ant’s movements. Consequently, the dis-
tance error (ed) of MPCwoP and PID exceed 1mm for most of
the duration, as shown in Fig. 5(c), which is notably higher than
that of MPCwP. The average values of ed for MPCwP, MPCwoP,
and PID were 0.390mm, 1.17mm, and 1.19mm, respectively.
However, MPCwP requires higher inputs to effectively compensate
for the error. As shown in Fig. 5(d ), the control inputs remain rel-
atively low for MPCwoP (averaging at 19.4) and PID (averaging at
25.4) compared to MPCwP (averaging at 31.9).
The findings presented in Fig. 6 provide a performance compar-

ison of MPCwP under varying values of the parameter wθ. It is
observed that the heading error in Fig. 6(b) tends to be improved
with higher values of wθ due to more aggressive compensation.
However, this improvement in heading error comes at the cost of
an increased distance error, as shown in Fig. 6(a), indicating a trade-
off between heading and distance error, which can be utilized for
behavior observation with the directional stimuli. Furthermore,
Fig. 6(c) reveals that larger control inputs are required to enhance
the heading error with higher values of wθ. This implies that as
wθ increases, a more substantial control effort is necessary to effec-
tively address the heading error.

Since an ant walks randomly, the performance of the TOLC is
determined by the accuracy of the predicted future positions of a
walking ant. As illustrated in Figs. 7(a) and 7(b), the distribution

Fig. 3 Control flow of the MPC method for TOLC

Fig. 4 Omnidirectional control with MPCwP (wθ = 0.4) with nmov=12 steps, λ=0.015 (See Supplement Video 1 available in the
Supplemental Materials on the ASME Digital Collection). (a) Image sequences for 1 s. (b) Trajectories. Position in (c) x-axis and
(d) y-axis. (e) Heading. (f) Distance error. (g) Heading error. (h) Sum of control inputs (three motors). The table shows the
average values for (f)–(h) before and after turning (0.55 s). (See Supplemental Figure 1 available in the Supplemental
Materials on the ASME Digital Collection for comparable result of MPCwoP.)

Fig. 5 Performance comparison between MPCwP, MPCwoP,
and PID (position control with wθ = 0.0, nmov=12 steps, and λ=
0.015). Position in (a) x-axis and (b) y-axis. (c) Distance error.
(d) Sum of control inputs (three motors).
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of ant positions for MPCwoP is wider and extends beyond the target
position at the origin, whereas for MPCwP, it is more concentrated
around the target position. The average position of MPCwoP along
the longitudinal axis is 0.796mm, which increases with faster
walking speed. Figure 7(b) shows the distribution of position
error in longitudinal axis at different speed. The frequency is nor-
malized between 0 and maximum value. Each graph from top to
bottom shows the following data: 0–10, 10–20, 20–30, and above
30mm/s. The average position in the longitudinal axis for a
walking speed is under 10, 10–20, 20–30, and over 30mm/s,

whose average is 0.555, 0.900, 1.10, and 1.17mm respectively.
On the other hand, the average position for MPCwP is located at
0.23mm, which is 71.3% less than that of MPCwoP. Even
though the walking speed increases, the position error in the longi-
tudinal axis only increases slightly (Fig. 7(b)) as 0.286, 0.348,
0.380, and 0.417mm for a walking speed under 10, 10–20, 20–
30, and over 30mm/s respectively. In terms of ed, Fig. 7(c) shows
that MPCwP outperforms MPCwoP, keeping ed below 0.6mm
for 90.3% of the time, while MPCwoP kept it for 32.6%. Addition-
ally, the MPCwP keeps ed under 1mm for 99.2% of the time, while
MPCwoP only achieves this for 69.1%. Figure 7(d ) presents the
overall distribution of distance error against gaiting speed,
showing that MPCwP maintains a low position error (under 0.5
mm) even at higher walking speeds, while the error of MPCwoP
continues to increase. This comparison clearly indicates that predic-
tion is a critical factor in the MPC for the TOLC.
The TOLC exhibits better heading angle tracking performance

with higher values of wθ. Figure 8 illustrates the performance of
the TOLC for two different values of the control parameter, wθ =
0.4 and 1.0. Figure 8(a) shows the distribution of ants’ positions
for wθ = 0.4 (left) and 1.0 (right), indicating that the distribution
of positions for wθ = 0.4 is slightly smaller than that for wθ = 1.0.
In Fig. 8(b), it is shown that the heading angle error is less than 8
deg for 83.8% of the time for wθ = 0.4 (red) and 92.6% for wθ =
1.0 (gray). It is observed that the aggressive control of heading
error decreases the performance of position tracking despite using
larger inputs for control. The average distance errors for wθ = 0.4
and 1.0 are 0.312 and 0.355mm, respectively.
To assess the effectiveness of TOLC performance, we conducted

simulations using experimentally measured ant movements as iden-
tical inputs for each method. The results in Fig. 9 show that MPCwP

Fig. 6 Performance comparison of the TOLC for wθ =
0.0, 0.4, 1.0 (nmov=12 steps and λ=0.015). (a) Distance error.
(b) Heading error. (c) Sum of control inputs (three motors). The
table shows average values of the result presented in (a)–(c).

Fig. 7 Comparison between MPCwP and MPCwoP methods. The data were collected from 17
ants (8 for MPCwP and 9 for MPCwoP) for 81.3 and 95.2min, respectively. (a) Distribution of posi-
tion error. The distribution in the longitudinal (top), lateral direction (right), and two-dimensional
space (center). (b) Distribution of position error at different speeds. (c) Cumulative distribution of
the distance error. (d) Distance error distribution at different gaiting speeds.
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outperforms both MPCwoP and PID, keeping ed below 0.6mm for
95.4% of the time, while PID and MPCwoP kept it for 38.2% and
20.2% of the time, respectively. Additionally, the MPCwP keeps
ed under 1mm for 99.8% of the time, while PID and MPCwoP
only achieves this for 80.4% and 53.2%, respectively.

4 Conclusion
In this article, we have demonstrated the adaptive MPC to control

the TOLC with the prediction of a future trajectory of a walking fire
ant. The MPC controller optimizes control inputs to minimize posi-
tion and heading errors between the TOLC and the anticipated tra-
jectory of the ant. A moving average scheme is employed to predict
ant’s future trajectory, and the state-space matrix parameters are
updated in real time. The proposed MPCwP successfully keeps
the ant within a distance error of 0.6mm for 90.3% of the time,
compared to 32.6% during MPCwoP. Increasing the weighting
factor for heading angle introduces a trade-off between position

tracking and heading error. The MPCwP maintains low position
errors even at higher walking speeds, in contrast to increased
errors in MPCwoP. Experimental evaluations and parameter varia-
tions validate the effectiveness of the proposed MPC, providing
valuable insights for future research on insect mobility, biomecha-
nics, and sensory responses without constraining their movement.
The improved performance of the proposed MPC could enhance
observation image quality and enable the integration of additional
equipment, like an optical microscope for brain or organ imaging.
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