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patapescripTor  for Visual Place Recognition and
Anomaly Detection by Mobile
Robots

Piotr Wozniak(®!™, Tomasz Krzeszowski(®* & Bogdan Kwolek?

Visual location recognition encompasses place recognition (PR) and anomaly detection (AD). These are
crucial tasks for autonomous robots to accurately determine the location and the occupied place. To
accelerate research in this area, we introduce a multi-domain dataset for indoor visual place recognition
and anomaly detection by mobile robots. The dataset includes 89,550 RGB images captured in nine
rooms. The data collection process involved both manual recordings and recordings captured by mobile
robots. The images depict a wide range of scenarios, including variations in lighting, robot vision,

and human activity. Additionally, we provide an analysis of other available datasets referenced in the
literature. This article presents a freely available dataset for research on place recognition and presents
an example application in the field of anomaly detection. The baseline methods were thoroughly tested
and achieved an 80.18% accuracy in anomaly detection for single images and 80.63%-84.18% for image
sequences. The article includes a comprehensive presentation of the characteristics of individual image
sequences and the most significant conclusions drawn from the research.

Background & Summary

The deployment of mobile robots for various tasks requires the development of methods that can adapt to
environmental changes and modifications. The layout of indoor environments evolves over time, potentially
impacting the autonomous operation of robots. As anomalies and modifications occur, it becomes necessary
to update the perception systems in use. These changes can significantly disrupt autonomous navigation!=,
location detection®, place recognitionS’S, visual place recognition (VPR)*-!1, SLAM (Simultaneous Localization
and Mapping)'?, and visual loop closure detection'®. Furthermore, anomalies can pose serious risks and lead
to robot failures or slowdowns. To enable unsupervised operation of any robot type, it is essential to rigorously
assess and ensure the robustness of its systems in handling anomalies. Comprehensive datasets and evaluation
scenarios play a crucial role in the development of autonomous systems. However, collecting the appropriate
data and identifying anomalies can be challenging. Anomalies can be related to the environment, the robot itself,
or its sensors. Research to date has considered the benefits and drawbacks of proximity sensors'4, LIDARs!?,
and depth-sensing cameras!® in mobile robotic applications. An alternative approach involves utilizing low-cost
RGB cameras, which lack depth information'”. In all the mentioned scenarios, various anomalies arise'®. When
analyzing visual information, it is important to consider not only depth inconsistencies'® but also variations in
lighting conditions®. Given the broad spectrum of potential applications, this article focuses on utilizing RGB
cameras integrated into mobile robots. In many robotic tasks, the information captured in the image is suffi-
cient to perform appropriate actions. Objectives such as patrolling?' and scene recognition® can be effectively
addressed using visual methods, although complex tasks may benefit from additional sensors.

In the literature, the robotics research community often prioritizes cameras and computer vision over a
broader range of robot sensors. In computer vision, many modern methods based on machine learning and
deep learning have emerged to cope well with tasks such as localization® and navigation®*. Using a convolutional
neural network (CNN)? in various variants allowed everyone to reduce the limitations of approaches based on
hand-crafted descriptors. Methods that determine hand-crafted local features such as SIFT?® and SURF? or
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global features such as HOG?® are now frequently replaced by learned features?. This allowed for better results
on noisy data. Recent studies have demonstrated that the integration of advanced deep neural networks and
machine learning techniques enables robots to enhance perception, to adapt to complex environments, and
improve overall task performance. This work also focuses on the use of learned methods for the problem of
scene analysis and anomaly detection. It was assumed that robots have access to sufficient resources in the form
of memory and computing capabilities. There are no limits in which we want to execute deep neural networks
such as AlexNet*, ResNet-50%!, VGG16°2. The integration of onboard computing units, along with advanced
APIs and learning frameworks, enables the training and fine-tuning®® of models, allowing robots to adapt to
changing environments and improve their performance in complex tasks. Modern autonomous robots with
on-board GPU support running more complicated models and applications®*. Effective methods were proposed
for problems such as SLAM?> or camera position estimation®. Intelligent systems designed to solve the above
problems also extend their operation by trying to measure their own confidence levels and increase knowledge
to ultimately achieve better performance. These processes involve detecting and recognizing difficult situations
in which decision confidence may be low*”*. This may occur when there are too many anomalies or when the
method extends outside the intended workspace.

For proper robot’s decision-making when performing a task in unknown conditions, the ability to detect
unusual situations is essential. Therefore, the issue of anomaly detection® is an important problem in robotics
and beyond. Outlier detection is a fundamental component of many systems. This task can also be treated as
a goal in itself. Examples include detecting undesirable activities in information systems***!, visual detection
of faults in production*?, and video analysis to detect threats in monitoring*®. Similarly, in robotics, anoma-
lies can be treated as hardware failures, unknown rooms**, and objects that should not be present in the envi-
ronment*>*®. Detecting the above-mentioned anomalies allows the robot to operate autonomously. Previous
image-based work focused on visual anomaly detection®*”*®. Anomaly detection can be divided into: unsu-
pervised, semi-supervised, and supervised. The detection of anomalies can be approached at the image level*’
and pixels level®. Both approaches are used for different problems and implemented with different approaches.
In our work, we rely on the whole images, and the preferred approaches are density estimation®, one-class
classification®', image reconstruction®?, and self-supervised classification®. Due to the challenge of detecting
unknown rooms, special attention was given to the Autoencoder-based approach®-*>, and One-Class Support
Vector Machine (OCSVM)**-8, Based on a review of the literature, Talagala et al.*® assessed the usefulness of the
mentioned methods in the discussed research area.

Before collecting new data, the available datasets were analyzed for problems such as identifying locations
with various anomalies. The review referred to sets for robots working in indoor rooms. Attention was also
paid to datasets that have a significant impact on the visual recognition of the place occupied by the robot.
The articles concerned categorization, navigation, and recognition of places with anomalies. There are various
types of disruption, such as changes in lighting, motion blur®, human activity, or replacement of the operated
robot. It is important that the data reflect the conditions of places where an autonomous robot may be located.
There are several techniques that discuss these types of challenges in the literature. Each method approaches the
topic of anomalies in a different way. The focus was on sets that presented or simulated the robot’s movement
indoors. Important information was how the camera was operated and whether it was placed on the robot. By
changing the location of the camera on the robot, the machine’s perception of the scene is different. The selected
works proposed sets in which, with the help of a moving human or a tripod®’, they tried to get close to the effect
obtained with an autonomous robot. These approaches enable the recording of images from many places where
the robot encounters navigation difficulties, e.g., stairs, elevators, narrow spaces, and door sills. Another impor-
tant feature of the collections was their structured split. Different approaches are used depending on the rooms
and robots that are recorded. Some collections focus on capturing more images from unrelated places of the
same type. The idea is to try to classify specific rooms®? or types®>-*° of more general use, for example, bedrooms,
bathrooms, and corridors. When the robot navigates, more sequences are collected under different conditions
in selected rooms. The difficulty of such sets are anomalies at the level of different lighting conditions or equip-
ment>**¢%¢7_ For example, the dataset®” introduces a variety of object types and environmental modifications,
aiming to diversify the conditions under which the vision system operates.

The result of the review is a Table 1 presenting datasets available in the literature that match the scope of this
work. The table lists datasets used in works related to the topic of this paper. The columns provide specific liter-
ature items, information about the recording method and environment, the number of images, and the features
of the data collection. Information about the occurrence of anomalies and the characteristics of the set is placed
in the column called Covariate factors. We present the number of sequences, the occurrence of anomalies in the
sequences, the sequential nature of the images, the utilization of multiple robots, and the presence of individuals
in the scene. Most of the datasets presented in Table 1 contain only some of the mentioned features. Hence, the
proposed dataset contains all the covariate factors identified in the review of the literature. Additionally, a new
feature introduced is large view-point change for various cameras, those mounted on robots. This allows for a
broader visual analysis of recorded locations and tests for various robots working under changing conditions.
The MDDRobots dataset stands out by offering a broader range of covariate factors, including environment
anomalies, sequential images, various robots, human activity, and different cameras. While most datasets focus
on limited aspects, MDDRobots integrates multi-aspect variations. It also includes recordings from both man-
ual and robot-based acquisitions, enhancing diversity and robustness. The involvement of a humanoid robot
underlines the importance of place recognition for safe and adaptive locomotion, especially due to the need to
adjust movement to varying floor conditions. This dataset fills the gap in existing resources by offering a realistic,
diverse, and comprehensive collection that more accurately represents real-world conditions for visual place
recognition and anomaly detection.
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Mounted Number of

Database Camera Subsets | Seq es R Images Views Environment Covariate Factors Year
environment anomalies,

The KTH-IDOL2 Database’® | robot 2 24 5 22,803 front indoor sequential images, different | 2007
robots, human activity

COsy Localization environment anomalies,

Data}{aase“ robot 3 76 33 140,000+ | front, omnidirectional | indoor sequential images, different | 2009
robots, human activity

Indoor67 Dataset® human 1 67 11 15,620 front indoor, outdoor | non-sequential images 2009

g‘:t‘;%laiife Categorization | 1/ man 6 13 - 51337 | front indoor sequential images 2009

York University 11-places environment anomalies,

Dataset® yil-p robot 3 12 17 13,752 front indoor sequential images, different | 2016
robots

Places365 Dataset® human 1 434 — 2,168,460 | front indoor, outdoor environment anomalies 2017

Robot@Home Dataset®! robot 1 81 36 87,000+ front indoor env1ronmept anomalies, 2017
sequential images

Wozniak et al.® robot 1 11 11 8,000 front indoor sequential images 2018

Similarly, Chen et al.*' human 3 69 69 6,800+ front indoor sequential images 2018

Hazards&Robots: A environment anomalies,

Dataset for Visual Anomaly | robot 3 20 3 324,408 front indoor sequential images, human 2023

Detection in Robotics®”*? activity
environment anomalies,

MDDRobots (proposed) robot, human |5 171 9 87,750 front indoor sequential 1mageS,Ad.1ﬁ'erent 2025
robots, human activity,
different cameras

Table 1. Comparison of the major indoor place recognition databases for mobile robots.

The main contribution of this paper is the dataset for visual place recognition and anomaly detection by
mobile robots. The prepared set focuses on a multi-domain approach and multi-aspect anomalies occurring
in indoor environments. In the context of the VPR problem for mobile robots, we define the multi-domain
approach as encompassing various cameras, different robot platforms, diverse lighting conditions, various place
layouts, varying presence of people, and different types of robot motion. As an example of the application of
the set, the results of the detection of visual anomalies?’, such as unknown locations, are presented. The use of
learned methods for place recognition can also be applied to the task where the recognized place is unknown.
Based on the conducted literature review, the following gaps can be identified in the available data collections:

o lack of datasets containing both recordings collected by humans and various types of robots;
« unavailability of multi-domain robot recordings with multiple cameras;
 gap in place recognition tests for multifaceted anomalies by robots.

Given the limitations of current datasets and existing approaches, the key contributions of this article are
outlined as follows:

 review and analysis of literature and datasets discussing anomaly detection in VPR;

o aMulti-Domain Dataset for Robots (MDDRobots) with different anomalies collected by multiple robots and
humans;

o experimental results on visual detection of anomalies in the form of unknown rooms;

o MATLAB scripts of example methods for the detection of unknown places.

The motivation behind this work is to address the need for accurate visual place recognition and anomaly
detection by autonomous robots in indoor environments. Existing datasets are often limited in diversity and
do not adequately capture multi-aspect variations, including different robots, environmental conditions, and
cameras.

Methods

The article focuses on the detection of anomalies at the image level. Thus, it is necessary to obtain the final result
for the scene view, even when performing a pixel-level analysis. A semi-supervised approach is employed to
address the problem of recognition of unknown places. The method relies on information from known rooms,
as all data from unknown rooms are considered as anomalies and cannot be accessed during a preprocessing
stage. Figure 1 illustrates the general anomaly detection scheme for an unknown location. The anomaly detec-
tion method is adapted to images captured within the recorded room. The input images were acquired through
manual recordings and recordings by mobile robots equipped with low-cost RGB cameras, capturing 89,550
images from nine rooms over an extended period. Various angles, positions, and conditions, including changes
in lighting, cameras placement, and human activity, were considered to ensure the dataset’s robustness for VPR
and AD. The features are extracted by the CNN and utilized for training the detection model. During the train-
ing stage, the parameters (min and max values) for future normalization to the range from 0 to 1 are defined.
These parameters were used during the evaluation of the method. The method analyzes acquired input features
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Fig. 1 Scheme for CNN-based anomaly detection.

to determine if the sample is normal or an outlier. At the image level, a numerical representation of the result
is determined, with the specific value depending on the detection method used. The final decision regarding
an individual image depends on the output of the method and the threshold set for each method individually.
The outcome of the method is influenced by the accuracy of the image description, the method used, and the
correctness of the selected threshold value. A possible modification to the anomaly detection method is the use
of image sequences. Existing literature presents algorithms that extract insights from data sequences®®®. A less
demanding option is to aggregate results from individual frames. This approach does not require data prepa-
ration for different sequence variants. The method uses a median’, which limits the impact of falsely alarming
outliers in the analyzed image sequence. This is a common situation for a human or robot during recording.
Figure 2 is an extension of the previously given scheme. The images are processed by the CNN network and the
anomaly detection method.

Features extraction. The anomaly detection methods are based on an identical approach to obtain a
description of images. Features representing rooms were extracted by the pretrained ResNet-50°! network using
the approach presented in the article”!. The convolutional neural network determines a feature vector at the
end of its backbone (after feature pooling). The final image representation has 2048 features. Figure 3 shows the
structure of the ResNet-50 network. The RGB image was fed to the network after scaling to a size of 224 x 224 px.
The utilized network was not subject to any modifications or weight changes. The default CNN weights obtained
by training on the ImageNet’* dataset were used. The features are extracted by the pretrained backbone of the
ResNet-50 deep neural network.

Anomaly detection methods. The following section presents selected anomaly detection methods for
the entire image. The decision to choose certain algorithms was conditioned by a review of the literature and the
potential implementation of the method on the mobile robot. It was important that the method handled multi-
dimensional data extracted from a convolutional neural network. Isolation Forest (IF)”>-7>, One-Class Support
Vector Machine’®””, and Autoencoder (AE)”® are selected as base methods for further comparisons.

Isolation Forest. Isolation Forest”>~"° is based on a binary tree structure. The method assumes that normal sam-
ples are located considerably from the main node. This is in contrast to outlier samples, which are sensitive to the
segmentation and are closer to the main node of the tree. The relevant literature” states that IF has the ability to
detect anomalies represented by high-dimensional features. This allows it to be selected as an adequate method
to support CNN feature vectors. However, there are sets in which deterioration of results was observed due to
high dimensionality”®. There are examples of modifications to the IF-based approach that refer to deep learning.
Deep Isolation Forest (DIF)®® was introduced, which enables non-linear partitioning on subspaces of varying
sizes. This eliminates difficulties in complex datasets with high-dimensional/non-linearly separable data spaces.
Similarly, in the case of image analysis, IF acts as a function to verify the allocation of feature representations of
normal or outlier data®’.

One-Class Support Vector Machine. One-class classification aims at identifying objects (images) of a specific
class among all classes. A variant of this approach is the One-Class Support Vector Machine®, which attempts
to construct decision boundaries for the normal class in the feature space. A closely related method is Support
Vector Data Description (SVDD)®, designed to enclose normal data within a hypersphere, offering an alterna-
tive formulation for anomaly detection. The method is useful for small amounts of training samples. However,
it may be susceptible to the problem with higher-dimensional data. Therefore, there may be a problem when
the image representation consists of too many features. The feature representation was the result of CNN, but
the final decision was made based on boundary evaluation and a predefined threshold. In the literature, some
approaches use a mixture of a single-class classifier and a deep convolution network®®. Using transfer learning,
it is possible to adapt the model to a new problem and then use a one-class classifier. An important extension
is the detection of anomalies for multiple classes, rather than a single one®. There are also known end-to-end
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Fig. 2 Scheme of an anomaly detection method for image sequences.
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Fig. 3 ResNet-50 backbone structure diagram.

solutions in the form of a one-class classification neural network (OCCNN)®>. The approach discussed in this
paper combines OCSVM and deep learning.

Autoencoder. The idea behind Autoencoder is to calculate the data embedding and reconstruct the input®. The
AE Encoder calculates a low-dimensional data representation in the form of a vector (Latent Vector). Then
reverse data reconstruction is performed. There are many approaches and applications of the Autoencoder avail-
able in the literature®”#8, The method can refer to various data, such as feature vectors or images. The approach
used in this work is based on an Autoencoder into which features from the CNN network are fed. This reduces
the need to train the entire model. An Autoencoder is made of an Encoder and a Decoder. Figure 4 shows the
components of the proposed method, corresponding to the Anomaly Detection block presented in Figures 1 and 2.
An Encoder has been trained to compress input data by removing redundant or irrelevant information. For the
anomaly detection problem, the original feature vector (x - input features) and that after reconstruction
(x' - output features) are compared. The distance between the vectors was obtained using the cosine distance®
and is treated as the result of the AD block. The distance is calculated on the basis of the following equation:

_ a-b _ Z?:ﬂi * bi
llall bl 5 @)« S, (b)? (1)
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Fig. 5 Diagram of the Autoencoder used in the anomaly detection method.

where a denotes the input features vector, b stands for the output features vector, whereas # is the length of
vectors a and b.

For the input image, it is necessary to obtain a representation in the form of a feature vector. The features are
obtained from the last layer of the pretrained neural network (see Fig. 3). The final stage of the vector extraction
process from the ResNet-50 network was the average pooling. To obtain information on whether the recorded
image is an anomaly, the vector is passed to the AD block (see Fig. 1).

Figure 5 shows a detailed diagram of the Autoencoder. Each of the Autoencoders implemented for the exper-
iments was based on the same training parameters. The sigmoid activation function was used in the output layer
of the Autoencoder for training. An Autoencoder consisting of a single hidden layer with 200 neurons was
trained in 1000 epochs. When the AE implements this block, the input vector is processed by the Encoder,
resulting in a hidden representation (Latent Vector). This hidden representation is then utilized by the Decoder.
Finally, the difference between the original feature vector (x) and the reconstructed vector (x') is treated as the
result of the trained AE and cosine distance (1). Figure 6 shows the sample results for the feature
reconstruction-based method. The results are based solely on the data only for room “Corridor1”. The remaining
rooms are anomalies in terms of the trained Autoencoder. The values below the images in the figure indicate the
distance between the original feature vector and the reconstructed one. The value is compared to a global thresh-
old that determines whether the analyzed data is an anomaly. The image shows that the result is influenced by
the different appearance of the image, i.e. lighting conditions, arrangement of objects, and the pose of the cam-
era. The lowest result was achieved on an image of a known room with favorable conditions. The highest was
given another room with human activity. The figure also shows that changing conditions in the scene can cause
the method to consider the room as unknown. The problem is that the emerging anomalies significantly affect
the operation of the method. The purpose of testing the method based on the description of the entire image is
to test whether it will work well in the case of local disturbances. The examples given at the beginning present
room recognition results influenced by the occurring anomalies. The topic will be discussed in more detail in
next sections.

Data Records

The proposed dataset has been made publicly available under the CC BY 4.0 license and can be downloaded
from the ZENODO repository” The data are divided into five sets (containing data for different cameras), which
have further subsets. Each of the subsets: Training, Test 1, Test 2, and Test 3 consists of nine image sequences.
Detailed information on the data collection is presented in Table 2. A total of 89,550 three-channel RGB color
images in PNG format are organized into 20 zip folders with a whole size of 34.3 GB. Each image in the sequence
has a label that represents a room. The number of images for each subset differs due to the split into training and
testing data. The difference also results from different methods of recording the image sequences. In order to
have balanced data in the subsets, each room in the sequence has the same number of images. Different environ-
mental changes were introduced in each subset. The data from Test 1 are closest to those from the training set.
The differences between the sequences are mainly due to changes in the route, robot, and recording equipment.
The rooms are well lighted, but not overexposed. The sequences from Test 3 present changed conditions, such as
a different time of day, a changed lighting system, and intensive layout changes. The key change is the different
paths of the human and the robot. This means a different perspective from previously recorded scenes. The Test
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Corridorl - 0.0807 F102 - 0.1342 F107 - 0.1803 F105 - 0.2154

Fig. 6 Example cosine distance values for Anomaly detection based on Autoencoder with known Corridorl
and other unknown rooms.

Total images (Images per place) Image properties
Width Height | Aspect
Subset Mounted Training Test 1 Test 2 Test 3 (px) (px) ratio
Pi Camera Robot 7,200 (800) 5,400 (600) 5,400 (600) 5,400 (600) 640 480 1.3
Xtion Robot 7,200 (800) 1,800 (200) 1,800 (200) 1,800 (200) 640 480 1.3
GoPro Hand 5,400 (600) 4,500 (500) 4,500 (500) 4,500 (500) 960 540 1.7
iPhone Hand 5,400 (600) 4,500 (500) 4,500 (500) 4,500 (500) 960 540 1.7
P40Pro Hand 5,400 (600) 4,050 (450) 3,150 (350) 3,150 (350) 640 360 1.7

Table 2. Characteristics of image and number for individual sets, subsets, and sequences.

2 sequences pose the most difficult challenge because they contain various recorded activities performed by
people moving around rooms. People can occlude important parts of the scene and pass in front of the camera.
The images were anonymized by manually blurring the faces of observed people. An example of photos taken
for the collection is shown in Fig. 7. The examples shown are represented in the RGB and HSV color spaces.
This allowed us to notice differences between the proposed sets at the pixel level. Each camera had different
properties (e.g. resolution, field of view, sensor type) and their settings were not interfered with to highlight the
different recording devices. The dataset consists of independent image sequences recorded during separate cam-
era passes, with each pass captured by only one camera. As a result, there was no necessity for synchronization
between different cameras within the entire dataset. The data collection process involved two separate systems.
The first system was a mobile platform based on a Raspberry Pi v2 equipped with a PiCamera OV5647, running
Python version 2.7. The Raspberry Pi v2 featured a 900 MHz ARM Cortex-A7 CPU (quad-core) and 1GB RAM,
operating on Raspbian OS. The Raspberry Pi was connected to a laptop enclosed within the robot, serving as
the data collection unit. The second system utilized a NAO Robot V4 manufactured by Aldebaran Robotics
with OpenNAO software, which worked in collaboration with the Xtion camera. This robot was powered by an
Intel Atom Z530 @ 1.6 GHz processor, 1 GB RAM, and 8 GB Flash memory. Data acquisition on this platform
was conducted using Python 2.7 for compatibility with the Nao robot’s software environment. Additionally, for
data registration with the iPhone, P40 Pro, and GoPro, default recording settings were applied according to the
specifications provided in Table 2.

Part of the prepared data were used in previous research on the multi-domain classification problem”. This
data has been updated with a new set recorded using a wheeled robot. As a result, a comprehensive and extended
dataset was developed, which constitutes the basis for further research. It was important to adapt the set to
problems such as visual location recognition or anomaly detection. The proposed dataset is divided into training
and testing data based on independent recordings in rooms. This is consistent with a real scenario in which the
camera registers rooms with changes in the environment that occur naturally (e.g. changes in lighting, change in
the position of equipment, presence of people). The images of the three sets were collected using a hand-made
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Fig. 7 Example visualization of the dataset images.

recording. The devices used included the GoPro Hero 5 Black, iPhone 6s, and HUAWEI P40 Pro. Two types
of robots (wheeled and humanoid) were used for the remaining sets. A custom wheeled robot (Fig. 8) had a Pi
camera mounted on the front. The camera placed behind the robot’s cover was approximately 60 cm above the
ground. The robot is designed to travel indoors and moves at a maximum speed of 1 m/sec. The second robot
used is a Nao humanoid robot and had an ASUS Xtion PRO LIVE camera mounted on its head®?, see Figure 8.
When registering the dataset, the focus was on the data that represented real scenes as closely as possible. The
rooms were used normally and were not adapted in any way for experiments. Additionally, the registration was
done in on various conditions (e.g. illumination) that may occur in selected rooms. Examples include changes
in lighting, different outdoor conditions, and the movement and activity of people. The shared resources are not
limited to one device and recording method. Five cameras with different parameters and two robots of different
types were used. Data collected during human and robot movement were combined in one dataset. The goal
was to collect more diverse data from the same environment. This is especially important when implementing
swarms of robots that may differ in camera location and movement.
Main features of the developed benchmark dataset:

« nine indoor places, each represented by 9,950 color images (total 89,550 images);

« data collected by robots and manually by humans;

« various types of mobile robots (humanoid, wheeled);

« five different cameras with different lenses and parameters;

o registration of rooms with varied conditions and time intervals;

» sequences with the dynamic activity of anonymous people on stage;

o the high complexity of the collection with different conditions, ways of recording and moving the camera.

Technical Validation

The main result of the experiments was the recognition of the room. A one-vs-one approach was performed in
which a new test subset was created from the selected test sequences. The new test subset consists of data from
two places (known room and unknown room). This allowed for balancing the data, so the smaller number of
outlier samples did not influence the final result. In a real environment, this is a common situation where outlier
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(a) Photo of the Pi camera robot used (b) Photo of the Nao robot used

Fig. 8 Images depicting the mobile robots used.

samples are rare and data mainly contain normal samples. This limits the possibility of reliably checking the
room recognition methods. To train the evaluated methods, data from the training subset were used. A total of
225 tests were performed, which led to the final result. In the experiments, the methods discussed in the section
“Methods” were evaluated. For the purposes of the study, the thresholds for each detection method were selected
and used in all tests. The global threshold values for IF, OCSVM, and AE methods are 0.45, -0.2, and 0.08,
respectively. These values were determined experimentally based on the analysis of the results of test sequences
of a subset of the Pi Camera. Examples of the analyzed charts are shown in Fig. 9. In each of the remaining tests,
depending on the method utilized, an identical global threshold was used. The following sections provide tables
with the experimental results obtained in the evaluations discussed above. There is a division depending on the
use of a single image and a sequence. The final section also shows the aggregated results for all tests. This allowed
us to determine the average precision of the tested methods.

Single-image experiments. Tables 3, 4, and 5 contain example results of anomaly detection. The first col-
umn contains the name of the room used in training the anomaly detection method. In all experiments, only
images from the training sequence were used in the training of the model. This means that the training and
testing data are separated by the structure of the proposed sets. The first row of the tables shows rooms in the
test sets that are anomalies. The single result is for test images of a known room (first column) and an unknown
room (first row). This approach allowed us to check the characteristics of the data for the recorded rooms. The
result shows which subsets are demanding and which rooms are visually closer. Table 3 shows the Isolation Forest
accuracy for the Pi Camera Test 1 set. The lowest anomaly detection result was obtained with this method for pair
F104 and F107 (0.5425). The arithmetic mean is 0.7520 and the standard deviation (std. dev.) is 0.1004. Tables 4
and 5 show results for OCSVM (mean - 0.7737, std. dev. - 0.1545) and AE (mean - 0.8744, std. dev. - 0.1204).

The method established global thresholds for individual methods. This was a condition for the final decision
on the recognition of data as anomalies. Figure 9 shows the sample results for various threshold values for the
Test 1 sequence from the Pi Camera collection. The diagrams compare knowledge about one room with the
rest, being treated as anomalies. Based on the graphs presented, it can be concluded that for some rooms, the
lower results are due to the adopted way of selecting the optimal threshold. The threshold for each method was
selected on the basis of the training data, but it does not have to be the optimal value for all data. The diagrams
also show that some rooms in the collection are visually different from others. This means that it is easier to get a
higher score regardless of the threshold. In these cases, when the threshold changes, the accuracy line is parallel
to the abscissa. The presence of a hill means that the selection of the threshold has a greater impact on the final
result. Analyses based on knowledge about the threshold and the result also show that for some places the image
description from the network and the method do not provide sufficient recognition accuracies. The similarities
between rooms may be too great and the anomaly detection mechanism should be more sensitive to details in
the image.

Multi-image experiments. The second experiment consists of using image sequences to detect an
unknown room. According to the order in which the images were taken, the result was obtained for different sub-
sequence sizes, i.e. images in a sequence. The method of aggregation of the results was the median of the results
according to the scheme presented in Fig. 2. Tabels 5, 6, 7, 8, and 9 present the results for changing the size of the
used subsequence: 1, 5, 10, 25, all images from the room (all). The results are based on an approach in which a
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Fig. 9 Anomaly detection accuracy diagrams for different rooms and variable thresholds. Autoencoder, Pi

Camera (Test 1).

robot that moves around rooms can make decisions based on previous recorded images. This allows to improve
the recognition accuracy in some ambiguous situations. Table 9 shows results in which the decision about the
anomaly is made based on all images from the room. Increasing the number of images generally improves the
final result. However, in some cases, the results deteriorate (e.g. D7 vs. F102).

Aggregated result.

Results for the single and multi-image approaches were aggregated into a single out-

put table. Table 10 shows the mean accuracy for the Isolation Forest, One-Class Support Vector Machine, and
Autoencoder methods. The best results in the table are shown in bold. The division of the table takes into account
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Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107
Corridorl | — 0.7517 0.7183 07683 | 07108 | 0.8842 [0.8242 |0.7800 | 0.7467
Corridor2 | 0.7483 - 0.7125 08725 |07683 |0.8842 [0.8217 |0.8092 | 0.7825
Corridor3 | 0.7883 0.7525 — 09433 | 08342 |09233 |0.8175 |0.8408 | 0.8217
D3 0.7292 0.7525 07175 — 06292 |07100 | 07983 | 0.6892 | 0.6733
D7 0.8033 0.7525 0.7875 09208 | — 06725 07217 |0.6250 | 0.6358
F102 0.8283 0.7525 0.7875 09158 |0.6192 | — 06833 | 0.6567 | 0.5808
F104 0.8158 0.7525 0.7817 09483 | 05825 05867 | — 05758 | 0.5425
F105 0.8292 0.7525 0.7842 09458 | 05800 |0.6825 [0.6233 | — 05992
F107 0.8333 0.7525 0.7892 0.9567 0.6658 0.6967 0.6575 0.6600 —
Table 3. Anomaly detection accuracy achieved by Isolation Forest, Pi Camera (Test 1).
Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107

Corridorl | — 0.7600 0.6783 07183 07942 |0.9542 [0.9883 |0.6692 | 0.8458
Corridor2 | 0.7075 — 0.6717 07617 09050 09775  |0.9842 | 0.8475 | 0.9483
Corridor3 | 0.4925 0.5750 - 0.8108 | 07400 | 09558  [0.9725 | 0.6117 | 0.7608
D3 0.7508 0.9125 0.7875 — 07975 | 0.8708 | 09817 |0.7150 | 0.8175
D7 0.7875 0.9517 0.9217 07917 | — 06450 | 07433 | 0.5333 | 0.6208
F102 09133 0.9600 0.9750 0.8067 | 0.5883 | — 07483 | 05542 | 0.5767
F104 0.8067 0.9575 0.9217 0.8517 | 05000 05083 | — 04967 | 0.4892
F105 0.8633 0.9467 0.9350 09208 | 06117 |0.6908 [0.6733 | — 0.6058
F107 0.9025 0.9600 0.9783 0.8867 | 05492 | 0.6075 |0.6275 [05317 | —

Table 4. Anomaly detection accuracy achieved by One-Class Support Vector Machine, Pi Camera (Test 1).

Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107
Corridorl | — 0.7625 0.7550 0.8942  [0.9508 [0.9683 | 0.9608 |0.9617 | 0.9742
Corridor2 | 0.8833 - 0.8700 09575 | 0.9875 | 09892 |0.9892 | 0.9892 | 0.9892
Corridor3 | 0.6833 0.6217 — 0.8083 | 09433 | 09817 |0.9650 | 0.9767 | 0.9917
D3 0.7958 0.8350 0.9817 — 0.9850  |0.9675 |0.9942 [0.9917 | 0.9950
D7 0.8775 0.9417 0.9292 09225 | — 0.6550 | 0.6533 |0.7442 | 0.7217
F102 0.9558 0.9758 0.9850 09425 | 07683 | — 05775 | 07892 | 0.7633
F104 0.9425 0.9483 0.9400 09483 | 0.8233 |07733 | — 0.7400 | 0.7317
F105 0.9433 0.9633 0.9475 09658 | 0.8192 |0.8033 |0.6200 |— 0.7442
F107 0.9683 0.9675 0.9692 0.9667 | 0.8183 | 0.6667 |0.5767 |0.7683 | —
Table 5. Anomaly detection accuracy achieved by Autoencoder, Pi Camera (Test 1).
Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107

Corridorl | — 0.7583 0.7750 09042 | 09625 |09792 |0.9667 | 09708 | 0.9792
Corridor2 | 0.8833 — 0.8708 09542 | 09875 | 09875 |0.9875 | 0.9875 | 0.9875
Corridor3 | 0.6792 0.6208 — 0.8083 | 09458 | 09833 |0.9667 |09792 |0.9917
D3 0.8000 0.8375 0.9833 — 09917 09750 | 0.9958 [0.9917 | 0.9958
D7 0.8917 0.9458 0.9292 09333 | — 0.6542 | 0.6333 |0.7500 | 0.7083
F102 0.9667 0.9875 0.9917 09500 | 0.7583 | — 05875 | 0.8042 | 0.7667
F104 0.9458 0.9500 0.9417 09500 | 0.8292 | 07708 | — 07458 | 0.7333
F105 0.9542 0.9708 0.9500 09708 | 0.8333 | 0.8083 | 06125 |— 0.7458
F107 0.9750 0.9750 0.9750 09750 | 0.8250 | 0.6667 |0.5750 | 0.7667 | —

Table 6. Anomaly detection accuracy for Autoencoder, Pi Camera (Test 1) with five images in subsequence.

results on five subsets: Pi Camera, Xtion, GoPro, iPhone, and P40 Pro. Five image sequence sizes were consid-
ered: 1, 5, 10, 25, and all. The size of the “all” variant varies depending on the size of the test sequence. This table
shows the characteristics of the methods and the effect of changing the number of images in the test based on
mean and standard deviation. The last column shows the average results of all experiments for individual subsets.
Based on this parameter, conclusions can be drawn about how difficult a given test subset is. The highest accuracy
was achieved in the Test 1 sequences, which had a limited amount of noise. The recorded images were similar
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Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107

Corridorl — 0.7583 0.7750 0.9083 0.9667 0.9750 0.9667 0.9667 0.9750
Corridor2 0.9000 — 0.8750 0.9750 1.0000 1.0000 1.0000 1.0000 1.0000
Corridor3 0.6833 0.6250 — 0.8083 0.9667 0.9833 0.9750 0.9833 0.9917
D3 0.8083 0.8583 0.9833 — 1.0000 0.9667 1.0000 1.0000 1.0000
D7 0.8667 0.9500 0.9250 0.9417 — 0.6417 0.6417 0.7250 0.7000
F102 0.9667 0.9917 0.9917 0.9417 0.7667 — 0.6000 0.7917 0.7583
F104 0.9583 0.9583 0.9500 0.9583 0.8333 0.7833 — 0.7250 0.7500
F105 0.9583 0.9750 0.9667 0.9750 0.8333 0.8167 0.6167 — 0.7583
F107 0.9667 0.9667 0.9667 0.9667 0.8167 0.6417 0.5667 0.7833 —

Table 7. Anomaly detection accuracy for Autoencoder, Pi Camera (Test 1) using 10 images in subsequence.

Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107

Corridorl — 0.7500 0.7708 0.9375 0.9792 0.9792 0.9792 0.9792 0.9792
Corridor2 0.8958 — 0.8958 0.9792 1.0000 1.0000 1.0000 1.0000 1.0000
Corridor3 0.7083 0.6250 — 0.8125 0.9792 1.0000 1.0000 1.0000 1.0000
D3 0.7917 0.8542 0.9792 — 1.0000 0.9792 1.0000 1.0000 1.0000
D7 0.8750 0.9583 0.9375 0.9583 — 0.6458 0.6458 0.7708 0.7083
F102 0.9792 1.0000 1.0000 0.9583 0.7917 — 0.5833 0.8333 0.7708
F104 0.9583 0.9583 0.9583 0.9583 0.8333 0.7917 — 0.7500 0.7292
F105 0.9583 0.9792 0.9583 0.9792 0.8542 0.8542 0.6042 — 0.7708
F107 0.9792 0.9792 0.9792 0.9792 0.8333 0.6875 0.6042 0.7917 —

Table 8. Anomaly detection accuracy for Autoencoder, Pi Camera (Test 1) using 25 i

mages in subsequence.

Corridorl Corridor2 Corridor3 D3 D7 F102 F104 F105 F107

Corridorl — 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Corridor2 1.0000 — 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
Corridor3 0.5000 0.5000 — 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
D3 1.0000 1.0000 1.0000 — 1.0000 1.0000 1.0000 1.0000 1.0000
D7 1.0000 1.0000 1.0000 1.0000 — 0.5000 0.5000 1.0000 1.0000
F102 1.0000 1.0000 1.0000 1.0000 1.0000 — 0.5000 1.0000 1.0000
F104 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 — 1.0000 1.0000
F105 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 0.5000 — 1.0000
F107 1.0000 1.0000 1.0000 1.0000 1.0000 0.5000 0.5000 1.0000 —

Table 9. Anomaly detection accuracy for Autoencoder, Pi Camera (Test 1) using all images.

to those during training and therefore had a lower difficulty level than other test subsets. The average accuracy
is lower in the Test 3 sequences, where changes have been made to the lighting and environment. The smallest
recognition accuracies were obtained for Test 2. This is due to the specificity of the data and the occurrence of
large changes in the images, e.g. human activity. Based on the arithmetic mean, the presence of people in the
scene causes a significant deterioration of the performance of the tested methods. In the context of using image
sequences, depending on the variant, it is possible to worsen or improve the individual test result. However, in
terms of average, an improvement can be observed. The conclusion is that in this case, it is worth relying on a sub-
sequence of images from the analyzed rooms. As the number of images used increases, the recognition accuracy
also increases. The results also show that with the selected thresholds, the final highest accuracy was achieved
with the Autoencoder-based method.

Usage Notes

The MDDRobots dataset is a collection of image sequences captured between 2019 and 2024. The data package
is available for use under the CC BY 4.0 license and provided by the ZENODO repository” The dataset is a
set of sequences of RGB images taken by moving cameras, including those mounted on robots. These images
depict the interior of a building located on the university campus of Rzeszow University of Technology. Various
cameras were used to capture the images recorded the surroundings from various angles and under different
environmental conditions. The dataset has been carefully prepared and organized to facilitate research on VPR
and anomaly detection. The number of images in the dataset has been determined to ensure a balanced distri-
bution across different sets. This dataset poses challenges for a variety of research topics. It contains real-world
situations that may be problematic for using robots with onboard cameras. The presented data can be a basis for
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many works for better understanding VPR and anomaly detection in multi-domain environments. It fills gaps
that occur in more sterile and laboratory-prepared collections that lack a multi-domain representation of places.
An important aspect of the dataset are recordings containing people. In these cases, face anonymization was
performed by manually blurring the faces.

Code availability

An example of the code handling the dataset is publicly available on GitHub https://github.com/WozniakP/
MDDRobots. To implement methods and conduct experiments, the MATLAB (version 2021a) environment was
used. The shared repository contains information about the requirements and libraries needed to run a demo for
anomaly detection. The links to the dataset provided in the article contain the trained neural models from which
the results were obtained.
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