
Journal of Manufacturing Science and Mechanical Engineering
Print ISSN: 2959-9881
Online ISSN: 2959-989X
DOI: https://doi.org/10.61784/msme3022

© By the Author(s) 2026, under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0).

ABIOLOGICALLY INSPIRED MODEL FOR THE
DEVELOPMENT OF HEAD-DIRECTION CELLS IN THE RAT
BRAIN USING VISUAL INPUT

YiShen Liao*, HuaYang Li, Yun Zhang, AiHua Zhao, HaoDong Qin, Lang Chen, QingShan Chen
Modern Industry School of Virtual Reality, Jiangxi University of Finance and Economics, Nanchang 330013, Jiangxi,
China.
*Corresponding Author: YiShen Liao

Abstract:Head direction cells (HDCs), located in the entorhinal cortex and postsubiculum of the rat brain, exhibit specific
firing patterns corresponding to head direction, primarily driven by visual input. This study proposes a biologically
inspired computational model for HDCs development using visual information as the primary input. The model employs
a one-dimensional annular cell structure, where neural activity is driven by optical flow calculated via the Lucas-Kanade
algorithm and corrected through visual template matching and the PI controller. This closed-loop mechanism simulates
the maturation process of HDCs, enabling the neural activity package to accurately track the real head-direction angle.
Experimental results show that the model not only demonstrate the developmental process of HDCs, but also achieves
precise head-direction estimation with significantly reduced cumulative errors compared to traditional gyroscope-based
methods, offering a low-hardware-requirement solution. The model not only replicates the development of HDCs but also
lays a foundation for bio-inspired navigation systems, with potential applications in robotics and cognitive modeling.
Keywords: Head-direction cells; Visual input; Entorhinal cortex; Developmental process; Bio-inspired navigation

1 INTRODUCTION

Spatial navigation is a fundamental cognitive ability, enabling animals to orient themselves and move effectively within
their environments [1]. In the rat brain, this process is mediated by a network of specialized neurons, including place cells,
grid cells, and head-direction cells, located in the hippocampus and entorhinal cortex [2-4]. These neurons integrate
sensory and self-motion information to construct a cognitive map that represents the animal’s position and orientation
relative to its surroundings [5-6]. A central question in neuroscience is whether spatial cells possess innate functional
properties at birth or whether their specific firing patterns emerge through postnatal development and environmental
interaction. Physiological studies provide critical insights into this question. For instance, Wills et al. demonstrated that
HDCs in the rat brain exhibit mature electrophysiological characteristics at birth, in contrast to place and grid cells, which
develop their spatial specificity later [7]. This suggests that directional information forms the foundation of spatial
cognition in rats.
Head-direction cells, first discovered by Taube et al. in the rat postsubiculum and later identified in the entorhinal cortex,
fire maximally when the rat’s head is oriented in a specific direction, with their firing rate decreasing as the head deviates
from this preferred direction, approximated by a Gaussian function [8-9]. These cells receive inputs from multiple sensory
modalities, with vestibular and visual systems being particularly critical [10]. The vestibular system, which detects head
rotation through sensory cells in the inner ear, provides angular velocity information that is transmitted to HDCs via
neural pathways [11-12]. However, visual input dominates environmental perception, comprising roughly 70% of the
sensory data processed by mammals [13-14]. The continuous change in retinal images, known as visual flow, enables
animals to estimate both the direction and speed of their movements, making it a vital component of spatial navigation
[15-16]. This interplay between vestibular and visual inputs allows HDCs to maintain accurate directional representations,
even in dynamic or unfamiliar environments [17].
The development of HDCs is critical for biological navigation but poorly understood, limiting bioinspired improvements
in robotic navigation systems that face errors with traditional sensors like gyroscopes [18]. To address this, we propose a
computational model of HDCs development in the rat brain, with the following innovations:
(1) Annular HDCs model with visual input. Proposing a model that uses only visual information as input to construct an
annular cell model, simulating the firing activity of HDCs, achieving synchronization between neural activity and the
actual head-direction angle.
(2) Closed-loop correction mechanism for simulating cell maturation. The model incorporates visual closed-loop
detection and reference point update algorithms, enabling convergence to a state consistent with the actual angle through
multiple rotation experiments, thus achieving dynamic simulation of HDCs development from initial immaturity to
gradual maturity.
(3) Low-hardware-requirement head direction estimation. Unlike traditional methods that rely on both gyroscope and
camera, this model employs visual template matching and PI controller to dynamically adjust vestibular gain, significantly
reducing angular cumulative errors.
The subsequent structure of this article is outlined below. Section 2 revisit pertinent studies and discuss the shortcomings
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of previous research endeavors. Section 3 delves into the various details of model construction. Experimental findings
are exhibited in Section 4, followed by the conclusion in Section 5.

2 RELATED WORKS

The modeling of HDCs have garnered significant attention in neuroscience and robotics due to their critical role in spatial
navigation and their potential to inform bio-inspired algorithms. This section reviews prior work from the perspectives of
sensory integration mechanisms, computational architectures for HDCs simulation, and their applications in robotics.

2.1 Sensory Integration in Head-Direction Systems

Sensory integration in head-direction systems refers to the brain's ability to combine multiple sensory inputs to maintain
an accurate sense of spatial orientation and direction. HDCs integrate diverse sensory cues, including visual landmarks,
vestibular signals from head movements, and proprioceptive feedback from body position [19]. For instance, visual cues
provide stable environmental references, while vestibular inputs track angular head velocity, and proprioceptive signals
help update orientation based on self-motion [20]. The integration process involves complex neural computations,
primarily in structures like the hippocampus and entorhinal cortex, where multisensory information is synthesized to
ensure robust and accurate directional representation, even in the absence of external cues [21]. This dynamic interplay
allows animals to navigate effectively, adapting to environmental changes or sensory disruptions, and is a critical model
for understanding spatial cognition and navigation in mammals.

2.2 Error Correction and Visual Feedback in Robotics

Error correction is a critical challenge in both biological and robotic navigation. In mammals, visual landmarks and optic
flow help correct errors in vestibular-based path integration. In 2008, Milford et al. developed a brain-like SLAM system,
RatSLAM, using a single camera to map a suburban environment. The system leverages a bionic model with pose cells
and visual feedback to construct experience maps, achieving robust error correction and large-scale navigation [22]. In
2021, Zou et al. proposed a brain inspired navigation framework that simulates spatial cells’ firing activity and episodic
memory self-organization learning, integrating visual feedback to construct cognitive maps, achieving error correction
and efficient navigation [23]. In 2024, Zhang et al. proposed a spatial transformation-based continuous attractor network
model, simulating place cells and grid cells to integrate information for robot navigation. By leveraging visual cues to
correct path integration errors, the model significantly enhances navigation accuracy [24].

2.3 Computational Architectures for HDCs Simulation

Computational architectures for HDCs simulation aim to model the neural mechanisms underlying spatial orientation by
replicating the activity of HDCs, which fire selectively based on an agent’s head orientation. In 2010, Massoud et al.
proposed a hardware-implemented neuromorphic VLSI system that simulates the organization of HDCs, enabling low-
power spatial navigation and supporting real-time simulation of spiking neural networks [25]. In 2015, Page et al.
investigated the architectural constraints of HDCs networks (such as connection patterns and inhibition) through
simulations, revealing factors limiting the accuracy of path integration [26]. In 2022, Vafidis et al. used attractor networks
combined with self-supervised learning to simulate how the HDCs learns accurate angular path integration from
experience, emphasizing the formation and stability of continuous attractors [27]. In 2024, Westeinde et al. developed a
computational model of Drosophila HDCs systems, using phase-shifted sinusoidal representations in PFL neurons to
simulate goal-directed steering [28]. In 2025, Sun et al. presented the BIG framework, integrating HDCs models with von
Mises firing distributions and geometry cells for robotic navigation, with Monte Carlo simulations showing over 20%
improved exploration efficiency through circular statistical analysis of head-direction signals [29].

3 METHODS AND MATERIALS

Figure 1 The Overall Operation Mechanism of the Computational Model
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In this section, the overall structure of the development model is explained in detail. It is mainly divided into the following
aspects. Firstly, The HDCs was modeled as a one-dimensional annular cell model, and the location of the neural activity
package on the annular model guided the current head-direction angle. Then, using Lucas-Kanade algorithm to calculate
the optical flow vector between two consecutive frames of images, as the forward input signal to stimulate the receptor
cells in the vestibular organ. In addition, The scanning line intensity was used as the matching algorithm of view template
to correct the vestibular organ output angle integral error and reset the firing activity of the annular model, so that the
location of neural activity package on the annular model could gradually follow the change of the real head-direction
angle. The overall operation mechanism is shown in Figure 1.

3.1 Acquisition of Visual Drive Singals

Lucas-Kanade algorithm was used to calculate the optical flow field between continuous images as the forward input
signal to stimulate the receptor cells in the vestibular organ [30]. Let the original picture be I(x,y,z,t) , the time of the
previous frame be t, and the time of the next frame be t+∆t.The position of the pixel point of the previous frame in the
next frame is I(x+∆x,y+∆y,z+∆z,t+∆t). According to the assumption of constant brightness:

I x,y,z,t =I(x+∆x,y+∆y,z+∆z,t+∆t) (1)
For a two-dimensional image, only need to be considered, where Ix,Iy,Iz are the differences of the image in the direction
of respectively, which can be written in the following form:

IxVx+IyVy=−It (2)
According to the spatial consistency hypothesis, it is abbreviated to the following form:

Ix1 Iy1
Ix2 Iy2
…

Ixn Iyn

Vx
Vy

=−

It1
It2
…
Itn

(3)

Then, the optical flow vector can be obtained as follows:

Vx
Vy

=
Ixi2� IxiIyi�

IyiIxi� Iyi2�

− IxiIyi�

− IyiIxi�
(4)

In Eq. (4), and represents the magnitude of the optical flow vector on the horizontal and vertical direction. Then, the
mathematical expression defining the magnitude of the vestibular drive signal generated by the optical flow vector is
shown as follows:

v=β
i=0

ng
Vxi� (5)

In Eq. (5), represents the value of the i-th optical flow vector, represents the number of the optical flow vector, represents
the information transfer gain of vestibular organs.

3.2 Annular Model and Its Firing Activities

Each HDC corresponds to a maximum firing angle. A one-dimensional gaussian distribution was used to create the
excitability weight connection matrix of the HDCs. The variation of the excitability connection toward the cells was as
follows:

∆PEH=
i=0

nh−1
phexp⁡(−

m2

xp
)� (6)

In Eq. (6), The is the weights of excitatory connection matrix, is the distance between the units on behalf of one
dimensional coordinate system coordinates, xp is the distribution width constant of neural activity, ph represents the
neural activity of the current annular cell model, and is the number of HDCs in the annular model, which represents the
range of activity of the nerve wrapped. Each HDC also receives global inhibitory signals from the entire neural network,
with the mathematical expression is as follows:

∆PIH=
i=0

nh
phψm−� φ (7)

In Eq. (7), is the inhibitory connection weights; φ control overall level.In order to ensure that the discharge rate of all
head-direction cells is between 0 and 1, the firing rate of all cells is compared with 0, and then standardized. The
mathematical expression is as follows:

phbt+1=
max pht+1+∆PEH+∆PIH

i=0
nh max pht+1+∆PEH+∆PIH�

(8)

In the proposed model, the movement of the neural activity package on the annular model comes from the optical flow,
which activates different groups of HDCs and encodes the magnitude of head-direction angle. The firing rate of all cells
can be expressed as:

pht+1=
m=δH0

δH0+1
αmpm+Ht� (9)

In Eq. (9), represents the bias of the downward integration of the coordinate system, which is determined by the
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direction and magnitude of the optical flow. The mathematical expression is as follows:
δH0= kme�� v (10)

In Eq. (10), is the angle integral constant. From Eq. (11), it can be seen that the firing rate of HDCs at the next moment
is the product of the activity rate of heading toward the cell at the current moment and the parameter αm. The mathematical
expression of is shown in Eq.(11).

αm=
1−δHf,m−δH0=0
δHf ,m−δH0=0

(11)

In Eq. (11), represents parameter bias, and its mathematical expression is as follows:
δHf= kme�� v−δH0 (12)

3.3 Construct the Development Model

In fact, the markers of HDCs maturation are that the location of activity package on the annular model strictly followed
the change of the head-direction angle. To achieve this goal, the following two conditions need to be met simultaneously.
Firstly, the initial position of the activity pack is consistent with the initial head-direction angle. Then, the movement
speed of activity package on the annular model is consistent with the change of head-direction angle. As mentioned above,
the magnitude of vestibular receptor gain influences the moving speed of the activity package on the annular model.When
the moving speed of the active packet is inconsistent with the angular speed of the head-direction change, the accumulated
error between the location of the active packet and the head-direction angle will increase gradually over time. The
conceptual diagram is shown in Figure 2.

Figure 2 Conceptual Sketch of HDCs Development Model

The algorithm shown in Figure 2 is roughly thought as follows: on the one hand, the current accurate head-direction angle
is provided for the model and the firing activity of the annular model is reset by using the way of visual matching. On the
other hand, the magnitude of vestibular sensory gain was adjusted at the closed loop point, so that the moving speed of
the active pack on the annular model was gradually consistent with the changing speed of the real head-direction angle,
and the HDCs development process was realized. The detailed steps of the algorithm are as follows.
Step1: Construction of cognitive points. The robot equipped with camera and gyroscope was used to rotate once in situ
at the angular velocity changing all the time. was taken as the sampling period, To construct a cognitive point e with
topological relationship at each sampling node. Each cognitive point contained the position when the neural activity was
wrapped in the circular model, the head direction angle θi, the visual template vi, and the current moment ti.
Step2: Establishment of image matching and angle reference node. After rotating from the starting point, the time of
reaching the origin again is detected by means of visual matching. In this paper, image scan line intensity matching is
used to find the closed-loop image [22]. The principle is as follows: the average absolute intensity difference between the
intensity distributions of two image scan lines is calculated, which is called the intensity offset and is represented by g c .

g c,Ij,Ik =
1

b−|c| i=0

nh
|Ii+max c,0
j −Ii−min c,0

j |� (13)

In Eq. (13), and are the scan line intensity distribution of the image being compared, is the distribution offset, and is the
width of the image. Setting a comparison threshold cm . Calculating the intensity offset between the current image and
the corresponding images of all reference points, then the minimum value of all intensity offsets is the most similar scene.
When the is less than cm , it means that the same view is matched and the head-direction angle of the image being
compared is the same as the real angle. When the image of the starting position is re-detected, the robot rotates exactly
once. The angles of all the cognitive points were updated with the equation (γn represents the position of neural activity
on the circular model as the robot rotates once back to its starting position). All cognitive nodes are defined as reference
points.
Step3: Update of reference points. The optical flow algorithm is greatly affected by environmental factors, so there is an
error between the reference point constructed by the robot with only one rotation and the real head-direction angle of the
point, which cannot be used as the reference point for the HDCs development. Therefore, it is necessary to rotate the robot
several times on the basis of Step1, detect the reference point by using step2, and record the angle data set of the
corresponding reference point in the multiple rotation of the robot. Then, the angle at the i-th reference point is as follows:
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θi�= j=1
K θij� −max θij −min θij

K−2
(14)

In Eq. (14), represents the total number of rotation cycles of the robot, represents the angle value at the i-th closed-loop
point when the robot rotates circles. The purpose of subtracting the maximum and minimum values is to eliminate the
influence of accidental factors in the experiment, so that the angle at the reference point is closer to the real head-direction
angle.
Step4: Development of the mode. Then rotate the robot arbitrarily and use the strength of scanning line to detect whether
the closed-loop point is reached, using a PI controller to adjust the sensory gain β , the mathematical expression is as
follows:

β=kp γi−γt +ki
t=0

T
γi−γt dt� (15)

In Eq. (15), and respectively represent the proportion and integral coefficient of the regulator, represents the head-direction
angle corresponding to the closed-loop point, represents the head direction angle at the current moment. After adjusting
the gain and resetting the annular cell model, so that the location of the activity package on the annular model was at the
same angle as the real head direction. Thus, by multiple resets of neural activity and the adjustment of the factor, the rate
at which the activity packets move on the annular model will gradually be consistent with the rate at which the real head-
direction angle changes.
Step5: Developmental maturity determination. The development maturity of HDCs is defined as ϑ= γi−γi−1

θi−θi−1
, including and

represent the current detected point moment and last closed-loop moment of the activity package location and real head-
direction angle. The closer the value of is to 1, the closer location of the activity package and the real head-direction angle,
the cells develop more mature.

4 EXPERIMENTS AND FINDINGS

4.1 Robot $

Main platform adopted in the experiment is a mobile robot with four-wheel independent drive and differential steering.
The robot platform is shown in Figure 3. Kinect RGB-D camera is placed above the platform panel and is powered by an
inverter. A gyroscope sensor is built into the body to obtain current direction information. The robot communicates with
the computer through WIFI and controls the rotation angular velocity and direction of the robot. Meanwhile, the robot
can feed back the information of various sensors to the computer for calculation. In order to check the accuracy of the
experiment, an electronic compass was installed on the robot platform as the absolute reference of real head-direction
angle.

Figure 3 Schematic Diagram of Robot Platform

4.2 HDCs Development Experiment

The robot platform is used to collect data sets in the laboratory environment. The image size for visual matching is unified
into 500 * 1000. The rotation direction of the robot is counterclockwise, and the angular velocity is set as 0 ~ pi

5
rad/s.

The sampling period is set as 0.2s. The value of the angle integral constant is set as 0.5. The number of cells in the annular
model is set as 36. The distribution width constant of neural activity is set as 4. The control overall level is set as 0.00002.
The comparison threshold is set as 0.23. The optical flow vector and the annular model between the continuous images
generated by robot rotation during the experiment is shown in Figure 4.
From Figure 4, it can be seen that as the robot rotates, it can generate strong horizontal optical flow vectors, driving the
movement of the activity packet on the annular cell model. Subsequently, conduct developmental experiments of HDCs
in three different indoor environments. Let the robot rotate multiple times, and to ensure the stability of the subsequent
development process, select the top 100 images with the highest similarity in closed-loop detection under each task as the
set of angle reference points, as shown in Figure 5. The statistics of angle errors for all reference points under different
numbers of rotation cycles are shown in Figure 6(a), the statistics of the average angle errors of reference points under
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different numbers of rotation cycles is shown in Figure 6(b).

Figure 4 Effect of Optical Flow Driven Activity Package Moving on the Circular Model

Figure 5 The Establishment of the Set of Angle Reference Points

(a) Angle errors for all reference points under different numbers of rotation cycles

(b) Average angle errors of reference points under different numbers of rotation cycles
Figure 6Angle Errors of the Reference Points Varies with the Number of Rotations

From Figure 6, it can be observed that as the number of rotation cycles increases, the angle errors of all reference points
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gradually decrease. The core reason is that multiple rotations, through averaging with the removal of extreme values,
reduce optical flow noise and random errors, making the reference point angles closer to the true values. After obtaining
the precise angles of the reference points, the developmental experiment for HDCs can be conducted. The rotational
angular velocity of the robot is randomly selected within the range of − pi

10
~ pi

7
rad/s, and the frequency of change in

rotational angular velocity is 2Hz. The parameters of the PI controller affect the developmental process of HDCs.
Therefore, through multiple experiments, selecting and allows the model to converge quickly. During the developmental
process, the changes in the calculated and actual values of the head direction angle are shown in Figure 7(a), and the
changes in the developmental maturity of HDCs are shown in Figure 7(b).

(a) The changes in the calculated and actual values of the head direction angle

(b) The changes in the developmental maturity of HDCs
Figure 7 Experimental Results of HDCs Development

Figure 7(a) shows that the model's calculated head direction angle initially deviates significantly from the actual angle
due to optical flow noise and unoptimized vestibular gain, leading to error accumulation. However, through closed-loop
correction using visual template matching and PI controller, the calculated angle gradually synchronizes with the actual
angle after multiple rotations, with the error significantly reduced and ultimately approaching zero. Figure 7(b) indicates
that the maturity of HDCs starts at a low value, rises progressively with fluctuations tied to closed-loop detection, and
eventually approaches 1, reflecting the transition from immaturity to maturity. This is driven by precise updates of the
reference point set and dynamic gain adjustments during multiple rotations, effectively simulating the visually dominated
HDCs development process in the rat brain and validating the model's bio-inspired potential for accurate navigation with
low hardware dependency.

4.3 Comparative Experiment

The accumulative error is a difficult problem in the robot navigation system, which is usually caused by the inaccuracy
and drift of the sensor information. To verify the accuracy of the model, the following experiments are designed: the angle
of the electronic compass is taken as the reference quantity of the experiment (the real head-direction angle), and the
output angle of the model is compared with the angle of the gyroscope and the angle of the gyroscope after EKF filter
[31]. In the physical environment of the second group of experiments, the robot was rotated in the counterclockwise
direction and the clockwise direction respectively from the starting point. The rotational angular velocity is randomly
selected within the range of pi

23
~ pi
18

rad/s, and the frequency of change in angular velocity is 1Hz. The experimental
results are shown in Figure 8.
From Figure 8, it can be observed that the raw gyroscope angle exhibits a significant accumulation of error as time
progresses. This is due to the inherent drift and noise in the gyroscope, which amplify errors during long-term integration,
leading to substantial deviations. In contrast, the gyroscope angle filtered by EKF shows a slower increase in error, with
a smaller overall deviation. This indicates that EKF partially suppresses random errors and biases in the gyroscope through
state estimation and noise modeling, improving accuracy, but it cannot fully eliminate systematic drift, especially in
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environments with frequent dynamic angular velocity changes. The proposed model demonstrates the flattest error curve,
remaining close to zero or fluctuating within a small range, and even stabilizing after multiple rotations, significantly
outperforming traditional sensor methods.

Figure 8 Comparison Diagram of Cumulative Error Experimental Results

5 CONCLUSION

This study presents a novel biologically inspired computational model for the development of head-direction cells (HDCs)
in the rat brain, leveraging visual input as the primary sensory cue. By constructing a one-dimensional annular cell model
driven by optical flow and incorporating a closed-loop correction mechanism with visual template matching and a PI
controller, the model successfully simulates the maturation process of HDCs. Experimental results demonstrate that the
model achieves precise synchronization between the neural activity package and the actual head-direction angle, with
cumulative errors significantly reduced compared to traditional sensor-based methods like gyroscopes and EKF-filtered
gyroscopes. The model's ability to dynamically adjust vestibular gain and reset firing activity ensures robust and accurate
head-direction estimation, even in dynamic environments, with minimal hardware requirements.
The proposed model not only advances our understanding of HDCs development by replicating the visually dominated
maturation process observed in biological systems but also offers practical implications for bio-inspired robotic navigation.
By addressing the limitations of traditional sensors, such as error accumulation, the model provides a low-cost, efficient
alternative for achieving reliable spatial orientation. Future work could extend this model by integrating additional sensory
modalities, such as proprioceptive or auditory cues, to further enhance its robustness and applicability in complex, real-
world environments. Additionally, exploring the model's scalability to larger neural networks or its adaptation to other
species could deepen insights into the neural basis of spatial cognition and its application to autonomous systems.
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