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Abstract. The purpose of this work is to implement and study the dynamics of a modified version of a biomorphic
visual navigation system. Methods. The paper uses the RatSLAM simultaneous navigation and mapping system.
The RatSLAM system is a biomorphic model of visual navigation in the rodent hippocampus. In this study,
we investigate a modified version of the RatSLAM system in which visual landmarks are processed using a
two-threshold algorithm. Results. This article presents a modified version of the visual navigation system. Using
a two-threshold algorithm for determining visual landmarks allows for a reduction in the size of the resulting
map without loss of accuracy. Using the constructed system, location estimates and clustering metrics for visual
landmarks were obtained on publicly available datasets. Conclusion. The constructed visual navigation system
provides an estimate of the location of an object (video camera) in space that is in good agreement with the true
location data. Using a two-threshold algorithm, the map size can be reduced without increasing map accuracy.
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Introduction

To study the navigation of living systems, it is used, among other things, the construction and
study of their computational models. One of such models is RatSLAM [1, 2], based on the ideas of the
navigation processes in the rodent brain. This system is a biologically relevant algorithm, for which
biological compliance is more important than metric accuracy. Such models allow to significantly reduce
the requirements for computational resources, especially when using neuromorphic hardware computing
modules [3]. Also, an advantage of biologically relevant models is the ease of adding and changing the
modalities of the system [4].

One of the main elements of the SLAM algorithms (simultaneous localization determination and
mapping) and the RatSLAM algorithm is a loop closure mechanism that allows you to reset the accumulated
error of path integration when hitting a known point in space. This mechanism is related to the task of
place recognition, that is, recognition of the current location as one of the known ones. Recognition is
performed based on data from various sensors installed on the object. The image from the video camera
is often used as input data.

Traditionally, this task is approached as a search in a database of images that are closest in space
to the requested one. The key issue is to create a description of the image so that images with similar
descriptions are obtained at close points in space, and vice versa.

It is possible to use various types of image descriptions, such as pixel image data directly, sets of
key points in the image [5], output values of artificial neural networks of various architectures [6], as well
as combinations of these methods [7]. The RatSLAM algorithm uses pixel data from a compressed image
as a description of images. However, for all types of descriptions, with an increase in the known area of
space, the number of images in the database increases, which leads to an increase in the required amount
of memory and computing resources.

In the RatSLAM algorithm, this problem is solved by storing only the most significant images in
the database. This algorithm does not depend on the source of the image descriptions and can be used
with more modern descriptions such as NetVLAD [6].

The quantization of space for the recognition of individual areas was also carried out in [8], however,
images were classified according to known classes of locations, and clustering is performed in RatSLAM
during the system operation.

However, it is possible to further improve the size of the map and the stability of the RatSLAM
system by optimizing the visual landmark recognition module and reducing the number of visual landmarks
created on the trajectory. This work is a development of research in [9].

1. Technical implementation of the visual navigation system

The system consists of three main modules: pose cells, local view cells and an experience map, and
it is also possible to add a fourth module, visual odometry (Fig. 1). The visual odometry module takes
images of the input video stream as input and determines the speed of the robot’s movement in space.
The pose cell module performs path integration and loop closure. The experience map module stores
a graph of known unique points of space in a metric space. The visual landmark module maintains a
collection of visual landmarks and performs their recognition.

In this paper, the main focus is on the visual landmark module.

1.1. The visual landmark module. The visual landmark module takes as input the image
data of the input video stream. The output of the module is the current recognized visual landmark.

Visual landmarks are an expandable array of blocks, each of which corresponds to a separate visual
scene in the environment. When a new visual scene appears, a new visual landmark is created, which is
associated with the pixel data of that scene.

After pre-processing the video stream image (removing non-informative areas of the frame, normalizing
luminances, converting to monochrome, and compressing), the visual landmark module compares the
resulting visual pattern representing the current camera image with all previously learned visual landmark
patterns. To do this, a similarity measure based on the sum of absolute differences (SAD) is calculated
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Fig. 1. Structure of OpenRatSLAM [2]. If odometry is already provided by the dataset or robot, the Visual
Odometry node is not required

between the current visual pattern p and each previously learned visual landmark pattern p/:
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where s is the size of visual pattern. Next, the closest visual landmark pattern is determined:
b =argmind (j), (2)
o<j<n

where n is the number of known visual patterns. If the smallest difference is less than the threshold value
Stn, then the corresponding existing pattern is selected (m = 1). Otherwise (m = 0), the current visual
pattern is added to the pattern database

1 d®) < s, 5
"0, d) > sun.

The visual landmark module compares the current view with all saved view patterns to find the best
match. The comparison is made when the current view and the visual landmark patterns are shifted
relative to each other. The result is the current active visual landmark.

For forward-facing cameras, the comparison process allows you to cope with small rotational
shifts by finding the minimum SAD when shifting the saved patterns relative to the current view in
the horizontal direction by a given amount.

1.2. Local view clustering algorithm. The visual landmark module contains an expandable
collection of images that serve as visual landmark patterns. A new visual landmark is created if the
input image significantly differs from all known landmarks in terms of the metric value. Thus, we can
consider this module as performing the task of clustering input images in the space of all pixel intensities.
This clustering method can be classified as a hierarchical continuous clustering method with a fixed
threshold [10]. The centers of the clusters are the visual landmarks, and the distance between the cluster
centers and the size (radius) of the cluster correspond to the threshold value of the image similarity
metric. Recognizing an input image as one of the visual landmarks is equivalent to placing a point in
the pixel intensity space corresponding to the given image in the corresponding visual landmark cluster.
Since the SAD (sum of absolute differences in pixel intensities) is used as a measure, this corresponds to
the Manhattan distance [11] in the pixel intensity space. The Manhattan distance d; between two vectors
P, d in an n-dimensional real vector space with a given coordinate system is defined as the sum of the
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lengths of the projections of the segment between the points onto the coordinate axes

N
di (p,q) = [lp.all, = Y _ Ipi — ail- (4)
=1

Thus, the clusters have the shape of n-rhombuses. In the case where the size (radius) of the cluster is equal
to the distance between the cluster centers, there is a significant overlap of the clusters. However, since
the algorithm for determining visual landmarks is executed sequentially for all local views in chronological
order, and the search is stopped when any of the visual landmarks is encountered in a cluster, when an
input image falls into an area belonging to multiple clusters, it is recognized as the chronologically first
visual landmark in the cluster where the image is located. Thus, the clusters of later visual landmarks
are multidimensional rhombuses around the local viewpoint, minus the space occupied by earlier clusters.
As a result, the clusters have different sizes: the first cluster and those that are sufficiently distant from
each other are full-fledged multidimensional rhombuses, while all other clusters are «additions» on their
borders. Additionally, the introduction of a distinction between the size (radius) of the cluster, which
corresponds to the threshold for recognizing visual landmarks, and the distance between clusters, which
corresponds to the threshold for creating new visual landmarks, should ensure more uniform clustering
when the recognition threshold is lower than the creation threshold.

1.3. Two-threshold algorithm for detecting visual landmarks. The modification relates
to the landmark detection module. This module supports a collection of visual landmarks, landmark
images. When a new image is received from the video stream, the system decides whether to create a new
landmark or to recognize one of the familiar landmarks (from the collection). The decision is based on the
value of the discrepancy metric between the new image and all the images in the collection. If the smallest
difference in the metric value is less than the threshold value sy, then the corresponding existing pattern
is selected (m = 1). Otherwise (m = 0), the current visual pattern is added to the pattern database
according to (1), (2), (3). The previously proposed system makes a decision to create a new landmark
and to recognize a known landmark based on exceeding the same threshold for the discrepancy metric.
This means that when a new image is presented, the system either recognizes it as one of the known
landmarks or identifies it as a new landmark. However, this approach has a drawback in that it may
result in a constant jump between two landmarks when the input image is located at the boundary of the
neighboring landmarks’ clusters. This can lead to false identification of landmarks and, consequently, the
location. Therefore, it was proposed to separate the processes of landmark creation and recognition. The
creation of landmarks is performed using a higher threshold value for the discrepancy metric, s., which
results in better-separated clusters (more distinct landmarks). Recognition is performed using a lower
threshold value, s,,, which means that only images that are truly similar to a landmark are recognized as
that landmark. This creates areas at the boundaries of the clusters where no landmarks are recognized.
In other words, when a new image is received, the system can either recognize it as an existing landmark
(m = 1), store it as a new landmark (m = 0), or do nothing (m = —1)

1 d(b) < S,
m=4 —1 s, <d(b) <s, (5)
0 d(b) = se.

This approach significantly increases the thresholds for creating new landmarks and, consequently, reduces
their number by several times without significantly compromising the accuracy of the map. As a result,
it reduces the memory and computational requirements of the system.

Fig. 2 illustrates this clustering mechanism by showing the results of visual landmark clustering
in the «Kitti-00» video stream over a period of 120 seconds. For ease of visualization, the landmark
resolution was set to 3x1, which means that there are three points in the width and one in the height. In
this case, the feature space becomes two-dimensional due to the normalization of pixel intensity values
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Fig. 2. Clustering of visual landmarks. (A) original algorithm (s, = 0.09), (B) modified algorithm (s. = 0.09, s,,, =
0.04). Cluster centroids are marked with (*), and outliers with (+) (color online)

2. Testing of the developed system

To test SLAM systems, sensor data sets are used that were obtained from objects moving in space.
The systems take sensor data as input and build their own estimate of the object’s motion trajectory and
the map of the area, and then the estimate of the trajectory obtained as a result of the system’s work is
compared with the true trajectory.

As a metric for comparing trajectories, in this work the average absolute error of location determination
is used [12]. The absolute trajectory error (ATE) is estimated by comparing the absolute distances between
the calculated and true trajectory.

Monocular visual odometry is used in the work. In this case, the dimensions of the resulting
trajectory are made in a relative scale.

2.1. Clustering estimation methods. To evaluate the quality of clustering, this paper uses
metrics such as the number of objects in a cluster, the intercluster distance, the cluster diameter, the
distance between the centroids of the clusters, and the Dunn index metric [13]. The Manhattan distance
is also used as a distance metric.

The intercluster distance & (separation score) is defined as the minimum distance between a point
belonging to a given cluster and a point in another cluster:

O(ek, 1) = min oy — 4| . (6)

Ti€ECk,T;EC

The cluster diameter A(cy) (cohesion score) is defined as the maximum distance between points in the
same cluster:
A(ck) = max |la; — ;] . (7)
T, XjECK
Since the centroids of the clusters are fixed in the clustering method used, and do not change since the
cluster was formed, it is advisable to use the radius of the cluster, the maximum distance from the cluster
centroid to an object belonging to the given cluster, as a measure of cohesion:

Ar(ex) = max |lz; — cxl]. (8)
T, ECk
The distance between clusters is defined as the distance between the cluster centroids:
* (e, 1) = |[ox — @l - )
A modified version of the Dunn index [14] is chosen as a metric [14],

ming, ec{ming ec\e, 19(ck, 1)} }
maxe, ec{A1(ck)}

Higher values of the Dunn index correspond to better clustering.

D(C) =
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2.2. Data sets used for testing. This work uses the public KITTI dataset, sequences 00 and
02 [15], as well as the TUM RGB-D dataset, sequence fr2/pioneer slam [12]. The datasets contain video
stream frames and true trajectories.

The results and their discussion

2.3. Trajectory detection metrics.
metrics presented in Table 1 were obtained.

Fig. 3 shows the distribution of the average absolute localization error (normalized by the maximum
error, shown in color) on the corresponding trajectory for different thresholds for creating (Y axis) and
recognizing (X axis) landmarks.

The main diagonal represents the case of the original system, in which the thresholds are equal. We
can see that at high threshold the error increases sharply due to incorrect landmark recognizing. However,
as we move away from the main diagonal towards lower abscissa (where the recognizing threshold is lower
than the creation threshold), small error values are restored.

Fig. 4 shows a graph of the main diagonal of Fig. 3 (blue graph, corresponding to the original

When the system was tested on the datasets used, the

Table 1. Model performance metrics (m)

0.4

u
=}

0.0

System
Sequence Metrics Parameters RatSLAM
One threshold | Two threshold
Kitti-00 Max 37.487 44.949
one théeg%ﬂdi ATE [ Mean 18.765 18.266
th = U. -
two threshold: Median 19.162 16.389
sen, = 0.15 Number of visual landmarks | 2456 646
Sm = 0.085 Map size, MB 4.73 1.01
Kitti-02 Max 122.099 121.101
one thg@g‘?gldi ATE [ Mean 24.279 25.489
th = U. -
two threshold: Medlan 22234 24293
sen, = 0.15 Number of visual landmarks | 2503 556
$m = 0.085 Map size, MB 5.36 2.03
TUM fr2/pioneer slam Max 0.734 0.783
one thgeos?l)lold: ATE Mean 0.385 0.393
Stp = U. -
two threshold: Mt?dlan 0.382 0.354
sen, = 0.05 Number of visual landmarks | 326 149
Sm = 0.03 Map size, kB 861.3 406.1
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Fig. 3. Average absolute trajectory error distribution on trajectories for different thresholds for creating s. (Y
axis) and recognizing s, (X axis) landmarks (color online)
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Fig. 4. Dependence of the average absolute localization error on the number of stored visual landmarks on the
trajectories (color online)

system), as well as a graph shifted 4 values to the left of the main diagonal (orange graph), but with the
number of landmarks created on the trajectory on the X axis.

The ordinate axis represents the magnitude of the average absolute localization error. For the
original system, the error on the Kitti-00 trajectory begins to grow when the number of landmarks is less
than 2,000. For the system with two thresholds, the error begins to grow when the number of landmarks
is less than 300.

The following are visualizations of the trajectories obtained during testing. The dotted lines
represent the true trajectories, while the colored lines represent the estimated trajectories generated
by the system. The color represents the magnitude of the deviation between the estimated and true
trajectories.

Fig. 5-1 shows an example of the system’s operation with identical low thresholds (0.01). In this
case, a unique landmark is created for almost every image, resulting in almost no loop closures (changes
in location when identifying known landmarks). The error value corresponds to velocity integration
(odometry).

Fig. 5-II shows an example of the system operating with the same critical thresholds (0.075). The
ideal case for the original system is that all possible loop closures are performed.

Fig. 5-IIT shows an example of the system’s operation with identical critical thresholds (0.09).
When the threshold is raised above the critical value, false loop closures occur, and the error value begins
to increase. As the threshold is further increased, the error value rapidly increases, and the topological
similarity between the map and the real space is lost.

Fig. 5-1V shows a graph for an ideal option in a two-threshold system. The threshold for creating
landmarks is 0.15 (more than the one at which the map for the original system «deteriorates»), the
recognition threshold is 0.085. The error value differs slightly from the ideal single-threshold case, however,
the number of necessary landmarks is several times less.

In the case of an excessively low threshold for recognizing landmarks, landmarks are rare in a
two-threshold system, so no loops are closed, and the map corresponds to trajectory integration.

The main feature of the Kitti-02 and TUM datasets is the low number of possible loop closures and
the high quality of odometry without the use of visual landmarks. Due to this, the effect of loop closures
on the error value is small. However, there remains an increase in location errors as the thresholds for
recognizing visual landmarks increase, caused by erroneous loop closures. Thus, at low thresholds, the
error value is almost constant.

2.4. Clustering metrics. When testing the system on the KITTI-00 dataset, clustering metrics
for visual landmarks were obtained. For a system with one threshold, the threshold was set s, = 0.15, and
for the two-threshold system, the threshold for creating landmarks was set to s, = 0.15, and the threshold
for recognition was set to s,, = 0.085. Fig. 6 shows the histograms of the distribution of clusters based
on the number of visual landmarks they contain. On the right, the results are shown for the original
single-threshold system, and on the left, the results are shown for the modified two-threshold system.
From the figure, it can be seen that for the single-threshold system, the total number of objects in the
clusters, as well as the average number of objects in a single cluster, is higher than in the two-threshold

Malichev Y. A., Lobov S. A., Yakhno V. G.
212 Izvestiya Vysshikh Uchebnykh Zavedeniy. Applied Nonlinear Dynamics. 2026;34(2)



Kitti-00 TUM
I 500 —roeerce o '412'524 120507 3 Sl l-0722
400 e : 2
300 |, : s
g { ‘La sgee5  E o 64.131 g
= 200 i : \ ’ = 400 ) =0
1 L i )
0 LS o0 !
. | | A 2
0 e reference
. 4.806 7.956 -3
200-100 O 100 200 300 0 200 400 600
7,m % m
37487 122,099
11 500 - eence I '
400 80
g 300 | s 00 g
A -21.080 -65.268 5
= 200 = 400 =
100 200
0 ; - 0 T\
-300-200-100 O 100 200 300 +673 0 200 400 600 4%
zm Lm
- 117.419 250,257 el
500 pEpE— l S ' 3 I
400 800 2/
g %% eoo7a 2 0 B i
= 200 e = 400 M s 0 '
-1
100 200
: 2730 0 \Meoen 10,027 3 0035
-300-200 -100 O 100 200 300 -2 0 200 400 600 :
z,m T, m
121,691 i
v 500 g - l 44,950 | . l 0.783
40 2
i 600
g o \ U ‘ 23.920 £ _earas B ) 0.399
s 200 8 T | N e = 400 ' e -
~;\ i ' “7 N
W ~{ -1
100 N bl [ 00
Nl S - 2
0 ) 0 NS ) S
2 890 1 A==~ reference i 3 = -0.016
-300-200-100 O 100 200 300 0 200 400 600 7801 3240 1 2
I, m T, m L m

Fig. 5. Visualizations of the trajectories of the original and modified systems on the Kitti 00.02 and TUM
trajectories. Graphs of the distribution of the average absolute localization error for different values of the landmark
creation and recognition thresholds are shown. s. is the landmark creation threshold, s, is the recognition
threshold. Kitti: (I) s. = 0.01, s,, = 0.01 (II) s. = 0.075, s, = 0.075 (III) s. = 0.09, s, = 0.09 (IV) s, = 0.15,
S$m = 0.08. TUM: (I) s. = 0.01, s, = 0.01 (II) s = 0.03, s, = 0.03 (III) s. = 0.05, s, = 0.05 (IV) s. = 0.05,
Sm = 0.03 (color online)

system. This is because in the two-threshold system, there are visual landmarks that do not belong to any
cluster, which results in a decrease in the total number of visual landmarks in the clusters. Additionally,
in the two-threshold system, there are visual landmarks that are truly close to each other, which results
in a decrease in the average number of visual landmarks in a single cluster.

The metrics of the minimum distance from the cluster centroid to the points belonging to other
clusters were also obtained. The distribution of clusters by metric values is also shown in Fig. 6. From
the figure, it can be seen that for a system with a single threshold, the average distance to the points
of the neighboring cluster is less than the distance between the cluster centroids, which corresponds to
the threshold value of s;;, = 0.15. This is because in a system with a single threshold, the clusters can
overlap, and the points of one cluster can almost touch the centroid of another cluster. This leads to
ambiguous recognition of points in the overlapping area, which in turn leads to unstable recognition of
visual landmarks.

In a system with two recognition thresholds, the distribution is shifted towards the more distant
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Fig. 6. Distributions of clusters in the original and two-threshold systems on the Kitti-00 data set by the number
of points, by the distance to points of other clusters, by the average distance from the cluster centroid to the
cluster points, and by the Dunn index value

points, and the majority of clusters have the nearest point of the neighboring cluster at a distance
comparable to the intercluster distance of s. = 0.15. In this case, there are also overlapping areas
(distances ranging from 0.075 to 0.085), but for the vast majority of clusters, there are no points within
this range.

The compactness metric of the clusters was also obtained, which is the average distance from the
cluster centroid to other points in the cluster. The distribution of clusters based on the metric value is
shown in Fig. 6. From the figure, it can be seen that for a single-threshold system, the average distance to
the cluster centroid is approximately half the size of the distance for a two-threshold system. Therefore,
the clusters in the two-threshold system are more compact.

Next, based on the metrics of cluster compactness and distance, the Dunn indices for the clusters
were calculated. The distribution of clusters by metric values is shown in Fig. 6. From the figure, it
can be seen that for a single-threshold system, the majority of clusters have a Dunn index less than 1,
which corresponds to overlapping clusters. For a two-threshold system, the majority of clusters have a
metric value greater than 1, which corresponds to compact, distant clusters. Therefore, clustering in a
two-threshold system is more effective. Fig. 7 shows similar graphs for the TUM dataset. The graph data
exhibits the same patterns as the Kitti-00 dataset.

The testing results of the systems are presented in Table 2.
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Fig. 7. Distributions of clusters in the original and two-threshold systems on the TUM data set by the number of
points, by the distance to points of other clusters, by the average distance from the cluster centroid to the cluster
points, and by the Dunn index value

Table 2. Clustering metrics

System
Metrics
One threshold | Two threshold
Number of objects in the cluster 7.01 2.01
o Average cluster radius 0.114 0.062
Kitti-00
Minimum distance to points in the adjacent cluster 0.111 0.145
The Dunn Index 0.71 1.45
Number of objects in the cluster 19.45 9.84
TUM Average cluster radius 0.053 0.045
Minimum distance to points in the adjacent cluster 0.032 0.052
The Dunn Index 0.40 0.81

3. Discussion

The conducted research is devoted to the development and comprehensive analysis of a modified
two-threshold algorithm for the RatSLAM biomimetic navigation system. The main goal of the work
was to optimize the process of visual landmark clustering in order to reduce the computational load and
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memory consumption without significantly compromising localization accuracy.

The results of the experimental evaluation on standard datasets have convincingly demonstrated
the effectiveness of the proposed approach. A key achievement is the demonstration that dividing the
overall visual landmark recognition threshold into two independent thresholds, the threshold for creating
new landmarks and the threshold for recognizing them, allows for a significant reduction in the overall
number of visual patterns generated. This reduction directly leads to a significant decrease in the final
size of the map of the area. At the same time, as shown by the absolute trajectory error (ATE) metrics,
the accuracy of the system’s location estimation remains comparable to the original algorithm, and in
some scenarios, it even improves due to a decrease in the number of false positives during loop closure.

A deep analysis of clustering using compactness metrics (average cluster radius), separability
(minimum distance to the neighboring cluster), and the generalized Dunn index revealed a qualitative
improvement in the data structure. In the two-threshold system, the clusters become more compact and
better separated from each other, as evidenced by an increase in the Dunn index from 0.71 to 1.45 for
KITTI-00 and from 0.40 to 0.81 for TUM. This indicates a more stable and consistent recognition process
that minimizes the «jumping» between landmarks at the cluster boundaries.

Despite the positive results, it is important to note a few limitations and identified challenges.
Firstly, the system’s performance heavily relies on manually adjusting the optimal threshold values,
which can vary depending on environmental characteristics (for example, texture and illumination) and
sensor parameters. Automating or adaptive selection of these thresholds is an important task for future
research. Secondly, the current implementation is still based on low-level pixel features (SAD), which
makes it sensitive to changes in lighting, weather conditions, and dynamic objects in the frame. Thirdly,
in scenarios with very limited visual information or long-term drift without loop closure, the algorithm’s
advantages may be offset by the accumulation of odometry errors.

There are several promising directions for further development of this work. First, it is necessary
to expand the multimodality of the system by integrating data from additional sensors (lidars, IMUs),
which will increase its robustness in various conditions. Second, it is advisable to replace pixel comparison
with modern neural network descriptors (such as NetVLAD), which are more invariant to changes in the
scene’s appearance.

A key step towards moving from laboratory experiments to practical applications is the integration
of the proposed algorithms into a full-fledged robotic system capable of navigating in dynamically changing
environments. A promising approach to achieving this goal is to combine the optimized RatSLAM with
the generalized cognitive map model proposed by the V. A. Makarov group [16,17]. This model has
demonstrated its versatility and effectiveness in both wheeled robot control tasks [17] and motion planning
for robotic manipulators [18]. Its high biological relevance, which has been confirmed in psychophysiological
experiments on humans [19,20], allows us to create a truly bio-inspired hybrid architecture.

Thus, the future neuromorphic system may include the proposed two-threshold module for low-
level navigation, which is connected to a higher-level decision-making core. This core could be a semantic
cognitive map graph, as proposed in [21], allowing the robot to not only navigate but also understand
the semantics of its environment, adaptively planning its actions in complex, unstable, and dynamic
environments.

Conclusion

A two-threshold algorithm for determining visual landmarks has been proposed and implemented.
The use of this algorithm allows for reducing the required size of the space map without significant loss
in the accuracy of the resulting map. The proposed algorithm has demonstrated its effectiveness.

In the future, it is planned to expand the set of signal modalities used in place recognition, as
well as to develop algorithms for combining signals of different modalities to improve the stability of
the system. In addition, it is planned to implement more advanced image comparison methods based on
neural network algorithms and integrate these algorithms into a robotic system capable of navigating in
dynamically changing environments.
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