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Abstract. This paper presents a semi-supervised patch-memory
k-nearest neighbors approach for hazard detection and localization in
indoor mobile robots. A convolutional neural network (CNN) backbone
is used to extract multi-scale representations, which enable anomaly
assessment at both the global image and patch levels via a memory bank
of normal patches. Evaluation is performed on a generative benchmark
extension of the public MDDRobots dataset, comprising 2,669 test
images from independent sequences under varying environmental con-
ditions and covering eight hazard categories. The experimental results
show robust performance, with DINOv2 achieving the highest overall
performance, reaching image-level ROC AUC = 0.8070 and patch-level
PR AUC = 0.8737. The proposed approach is interpretable and suitable
for safety-critical robotic perception.
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supervised learning · k-nearest neighbors · indoor mobile robots

1 Introduction

Ensuring safety in robotics depends on detecting and responding to hazards,
which requires recognizing the environment and inferring risks from context.
Safety typically comprises two stages: hazard detection and response. The �rst
stage focuses on localizing and identifying risks to enable appropriate reactions
[10], a task that is often performed by surveillance robots [3,26]. The second stage
involves intervention and an active response built on previously detected hazards
[9,23]. These stages are fundamental for protection in complex environments.
Advanced applications integrate both, combining continuous safety monitoring
with robot-assisted interventions and search and rescue operations [11].

Computer vision plays a critical role in addressing these challenges. Using
sensors such as RGB, RGB-D, thermal, or event cameras, robots can determine
the location and nature of potential hazards in outdoor [13] and indoor [14,28]
environments. These range from minor obstacles that interfere with navigation to
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more critical situations that involve dangerous items or human activity. The use
of vision in hazard detection is particularly important because it enables robots
to capture highly subtle cues present in the scene, which are often crucial for
accurately assessing risk. In the literature, various works present di�erent types
of hazardous situations, illustrating the diversity and complexity of the scenar-
ios considered [22,39]. Two main approaches to visual hazard detection can be
distinguished. The �rst focuses on recognizing known and prede�ned hazardous
situations, typically detected under supervised or semi-supervised conditions us-
ing models trained to classify speci�c objects or events as dangerous [5], as-
suming the existence of explicit hazards categories that the robot can identify
and respond to. The second approach assumes that danger may manifest as a
broadly de�ned outlier with respect to normal operating conditions, without a
clear speci�cation of potentially hazardous objects or situations. In such cases,
unsupervised or self-supervised methods play a key role, emphasizing anomaly
detection, where detected anomalies are treated as potential hazards [33]. This
category places greater emphasis on detecting anomalous patterns rather than
identifying speci�c hazard types, acknowledging that rare or unforeseen dangers
in complex environments cannot always be prede�ned or represented in training
data.

For mobile robots, anomaly-based approaches are particularly important, as
it is di�cult to de�ne all events, changes, or objects that may pose a danger
during operation. Visual hazard detection, therefore, often relies on identifying
anomalies within the environment, understood as unfamiliar or unexpected parts
of the scene. Challenges arise from factors such as lighting variations, changes
in equipment, seasonal changes, and the dynamic activity of objects such as
humans, which can cause substantial di�erences between scenes over time. The
anomaly detection method must be robust to changes in illumination and camera
viewpoint to avoid false positives. At the same time, the sensitivity of the system
must be su�ciently high to ensure that potential hazards are not overlooked.
This problem is especially critical in unsupervised settings, where no labeled
examples of hazards are available, making robust generalization essential [7,41].
Deep learning methods are commonly used for anomaly detection [19,25], but
they require large amounts of representative hazard and non-hazard data for
proper training, which is di�cult to collect. Mobile robots face computational
constraints and must perform other tasks, such as navigation and interaction,
making hazard detection only one component of a complex system. A robot with
prior knowledge of the environment should be able to reliably and e�ciently
detect various hazards.

A literature review reveals a lack of anomaly detection methods focused
on identifying changes and potential hazards in scenes for mobile robots in a
dynamic environment. Existing datasets mostly cover static environments, and
hazards are often introduced arti�cially rather than arising from natural changes
over time. In this paper, the objects that may pose hazards to robots or humans
in indoor environments are introduced and evaluated, addressing this research
gap through the following contributions:
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� proposal of a semi-supervised patch memory k-NN method for visual hazard
detection with image- and patch-level scoring;

� introduction of a semi-synthetic benchmark created by augmenting real data
with hazards generated using generative arti�cial intelligence;

� provision of an open-source script implementing anomaly detection methods
based on three CNN backbones and vision transformer architectures.

2 Related Works

In visual anomaly detection, the goal is to identify deviations from normal pat-
terns that may indicate potential hazards. Detecting anomalies in robotic vi-
sion is challenging, as it requires highly stable scene characteristics or models
sensitive to contextually signi�cant changes. This is particularly important in
robotic scene analysis, where environments can undergo rapid variations due
to illumination changes, moving objects, motion blur, and other dynamic fac-
tors. A relevant application is hazard detection, which can be treated as visual
anomalies requiring timely recognition for safe navigation [21,22]. Notably, the
concept of treating anomalies as hazards is not limited to visual methods; non-
visual approaches using sensors such as IMU, LiDAR, audio [37], or multi-modal
environmental sensors (including temperature, humidity, gas concentrations, air
quality, and pressure) can similarly identify deviations indicative of potential
danger [15].

Focusing on computer vision, anomaly detection represents a signi�cant chal-
lenge due to the diversity of contexts. Over the years, several methodological cat-
egories have emerged to address this problem. Image-level methods assess how
much an entire image deviates from a normal distribution, producing a single
outlier score [18,30]. Patch-level methods analyze local regions individually, es-
timating the likelihood that each is anomalous[8,38]; notable approaches include
PatchCore [27] and PaDiM [8], which leverage patch embeddings to detect �ne-
grained anomalies e�ciently. Pixel-level methods provide dense anomaly maps,
highlighting precise regions of deviation [2,4]. In robotics, a balance between
detection granularity and processing speed is essential to provide accurate and
real-time information.

The detection of anomalies in dynamic indoor environments employs vari-
ous strategies. Distance-based methods use high-level features from pretrained
networks and measure similarity via Euclidean, cosine, or Mahalanobis distances
[6,17], �agging regions with high distances, though they can struggle with chang-
ing scene contexts and domain shifts. Autoencoders, including convolutional and
variational types [40], are trained to reconstruct normal images, where recon-
struction errors highlight anomalies at pixel or feature levels. Generative mod-
els, such as Generative Adversarial Networks (GANs) and �ow-based networks
estimate input likelihoods, mark low-likelihood regions as anomalous [16,36].
These are often enhanced with nearest-neighbor searches, local clustering, or
top-N patch memory banks to capture subtle or context-dependent deviations.
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Self-supervised approaches, such as predicting rotations, patch order, or col-
orization, identify anomalies when pretext tasks fail, while contrastive learning
groups similar observations and separates di�erent ones, �agging features far
from known clusters. Additional techniques leverage relational, memory-based
[32], and attention-driven models: graph-based methods [1] represent views as
object graphs and detect structural deviations, memory-augmented networks
store normal representations to identify outliers, and attention or transformer
models highlight semantically important regions that con�ict with the learned
context. Together, these hybrid approaches combine �exibility, interpretability,
and robustness, enabling e�ective detection of rare, �ne-grained, and context-
dependent hazards in real-world robotic scenarios. Across these methods, lever-
aging anomaly detection experience allows robots to treat anomalies as hazards,
facilitating the identi�cation of semantically inconsistent regions and unexpected
dangers in unseen environments.

3 Semi-supervised Patch Memory k-NN Anomaly

Detection

This paper proposes a method for visual potential hazard detection in indoor
mobile robots. The approach leverages a con�gurable CNN backbone to extract
features and combines global and patch-level analysis using a patch memory bank
constructed from normal training images. The method operates without anomaly
labels and supports both image-level detection and patch-level localization. The
scheme of the method is illustrated in Figure 1.

3.1 Feature Extraction

VGG-16 [31], MobileNetV2 [29], ResNet-18 [12], and DINOv2 (ViT-S/14) [24]
serve as pretrained backbone networks for feature extraction. The input images
of the network are resized to 224 × 224 pixels. Feature extraction is divided
into patch- and image-level representations to account for the observation that
di�erent parts of a backbone provide features of varying quality. Patch-level

Feature extraction
(e.g. VG

G
-16)

Training Input

Test Input

Patch memory 
bank construction

Global k-NN 
search

Test Output

Map refinement
(optional)

Patch-level 
k-NN scoring

Fig. 1. Overview of the proposed anomaly detection method.
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features capture spatial details suitable for anomaly localization, while image-
level features provide compact global descriptors for holistic scoring. Not all
layers of a CNN are equally informative for localization or global description,
motivating the separation into patch- and image-level features. The selection of
speci�c layers for feature extraction is guided by the tensor resolution and chan-
nel dimensions to ensure compatibility with the downstream task. In VGG-16,
patch-level features are extracted from the convolutional layers up to `conv5_3`
[31], resulting in a feature map of size 512× 14× 14, while image-level features
are obtained by spatial averaging of the same map, producing a global descrip-
tor of 512 dimensions. In MobileNetV2, patch-level features are extracted from
multiple inverted residual stages corresponding to feature maps with spatial res-
olutions of 56 × 56, 28 × 28, 14 × 14, and 7 × 7, and channel dimensions of 24,
32, 96, and 320, respectively [29]. These feature maps are projected onto 128
channels, L2-normalized, bilinearly interpolated to a uni�ed 14× 14 patch grid,
and concatenated to form a 512 × 14 × 14 representation. Channel projection
and L2 normalization ensure that all feature maps have a consistent scale and
are suitable for comparison in k-NN. Image-level features are derived from the
�nal convolutional output, producing a feature map that is �attened into a 1280-
dimensional global descriptor. In ResNet-18, patch-level features are extracted
from all four residual stages, projected on 128 channels, normalized, and inter-
polated to a 14×14 patch grid or the original 224×224 resolution for pixel-level
maps, resulting in a patch-level representation of 512× 14× 14. Patch-level fea-
tures in DINOv2 are extracted from the normalized patch tokens of the last
transformer layer, capturing both �ne-grained spatial details and semantic in-
formation. Global descriptors are computed by concatenating three components:
mean-pooled features, max-pooled features, and features of the patch that devi-
ates the most from the mean, forming a 3C-dimensional L2-normalized vector.
Patch-level features are obtained via the network's layer-wise spatial outputs,
while global features summarize the full image, and both are subsequently used
for k-NN-based scoring in anomaly detection.

3.2 Patch Memory Bank Construction

To enable both global and patch-level anomaly scoring, a memory bank of patch
features is constructed from normal training images. Each training image is
passed through the backbone network to extract spatial features that are then
reshaped into individual patch vectors. These patch features are optionally pro-
jected to a consistent dimensionality and L2-normalized to ensure comparability.
The memory bank also stores global feature representations of each training im-
age, which are used in a preliminary global k-NN search to identify the most
semantically similar reference images. Patch-level features are then retrieved
from these top-ranked global neighbors for localized anomaly scoring.
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3.3 k-NN Global and Patch-level Anomaly Scoring

Anomaly detection is performed using a two-stage k-Nearest Neighbors approach
that leverages both global and patch-level feature representations. In the �rst
stage, image-level features extracted from the backbone network are compared
with the training set using a k-NN to identify the most visually similar reference
images. This global search ensures that the anomaly scoring is guided by seman-
tically relevant images and reduces the in�uence of unrelated variations. In the
second stage, patch-level features from the test image are compared against a
patch memory bank constructed from the top-ranked global neighbors. For each
patch i, the anomaly score is computed as one minus the average similarity to
its k nearest neighbors:

si = 1− 1

k

∑
j∈Nk(i)

cos_sim(fi, fj), (1)

where fi denotes the feature vector of the test patch, fj are the feature vec-
tors of the top-k neighbors from the patch bank, Nk(i) is the set of indices
of these neighbors and cos_sim represents cosine similarity between two vec-
tors. This formulation produces a spatial anomaly map in which higher values
indicate a greater deviation from the reference distribution. The combination
of global k-NN selection and patch-level scoring allows for accurate and inter-
pretable anomaly localization while maintaining robustness against irrelevant
image variations.

3.4 Anomaly Map Re�nement

The raw patch-level anomaly map can be optionally re�ned to enhance spatial
coherence and suppress spurious responses. This re�nement, referred to as map
re�nement (MR), smooths the anomaly map to reduce noise and ensure that
anomalous regions are more consistent and easier to interpret. In this work, a
simple and e�cient smoothing operation is applied by convolving the anomaly
map with a uniform kernel, e�ectively averaging local neighborhoods. Specif-
ically, the anomaly map is converted to �oating-point format and smoothed
using a kernel of size ksize× ksize (e.g., 3× 3) via a fast blurring operation. This
re�nement is performed to suppress local noise, aggregate neighboring patch
information, and produce more spatially coherent anomaly regions, thereby im-
proving localization accuracy and facilitating interpretation.

3.5 Method Summary

After computing patch-level anomaly scores, the resulting spatial maps are up-
sampled to the original image resolution to produce pixel-level anomaly masks.
These masks allow direct evaluation using the patch-level Precision-Recall Area
Under the Curve (PR AUC). The patch-level scores are aggregated across all
patches by taking the maximum value to obtain a single image-level anomaly
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score for each test image. This score is used to evaluate global detection perfor-
mance via the Receiver Operating Characteristic Area Under the Curve (ROC
AUC), providing a quantitative assessment of both local and global anomaly
detection performance. Compared to PatchCore, proposed method uses a global
k-NN search to focus on relevant patches, improving localization and e�ciency.
Additionally, patch-level scores enable intuitive visualization of anomalous re-
gions by highlighting patches with scores above a chosen threshold. The proposed
method combines global and patch-level analysis in a semi-supervised fashion,
leveraging a con�gurable CNN backbone and a patch memory bank constructed
from normal training images. The global k-NN search identi�es semantically rel-
evant reference images, while patch-level comparisons allow �ne-grained local-
ization of anomalous regions. This combination provides robust, interpretable,
and scalable anomaly detection suitable for indoor mobile robot applications.

4 Dataset

The dataset was speci�cally prepared for evaluation purposes, consisting of
scenes recorded by a real mobile robot and including natural variability due to
environmental changes. To create controlled evaluation scenarios, the dataset
was extended with synthetically augmented data. Our approach integrates
real-world and synthetically augmented data to enable systematic and ro-
bust assessment of anomaly detection performance for mobile robots under
diverse conditions. The evaluation dataset and scripts are publicly available
at https://doi.org/10.5281/zenodo.19475790, ensuring reproducibility and
enabling comparison with future approaches.

4.1 MDDRobots for Hazard Detection

The Multi-Domain Dataset for Robots (MDDRobots) [34] is a benchmark origi-
nally designed for indoor Visual Place Recognition (VPR) and anomaly detection
(unknown places) in mobile robotics. The dataset comprises 87,750 RGB images
captured by multiple robotic platforms under various environmental conditions,
including changes in lighting, room layout, and human activity. In this work,
MDDRobots is leveraged to address the novel task of visual hazard localization
through anomaly detection. The Training sequence and selected samples from
Test 1 and Test 3 of the PiCameraRobot subset were employed, representing
real-world robotic platforms with di�erent sensing characteristics. The selected
test samples were augmented to generate realistic hazards scenarios, introduc-
ing eight types of anomalies to allow systematic evaluation. For each image in
the Test 1 and Test 3 sequences, de�ned as normal, anomaly data were gen-
erated, resulting in an evaluation set comprising a total of 1,377 images from
Test 1 and 1,292 images from Test 3. The original output images produced by
the tool had a resolution of 768 × 576, while the input images were 640 × 480,
requiring normalization of the data to a consistent resolution. This generative
approach constructs a tailored benchmark for hazard detection while retaining
the diversity and realism of the original dataset.
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4.2 Generative Data Augmentation

To generate structured and realistic test data for evaluating the proposed haz-
ard detection method, synthetic data augmentation was employed using a set of
carefully designed prompts. Original images, captured by a mobile robot that
navigates indoor environments, were processed using the Grok tool [35], which
allows controlled modi�cation of visual content based on textual instructions.
The corresponding prompts specify the type of hazard to be introduced, such
as obstacles, scattered debris, or liquid puddles. The prompts were carefully de-
signed to ensure that the added hazards realistically re�ected plausible obstacles
in the original scene. While they guided the approximate placement and type
of anomaly, they also incorporated a degree of randomness to avoid generating
objects in the same or overly predictable locations, ensuring that, for example,
an object placed on the �oor would not appear in the same spot across images.
For synthetic test data, the approach focused on the categories of hazards rel-
evant to indoor mobile robot operation, including static obstacles (box, trash
bin), dynamic threats (moving people, �re), slippery substances (liquids), and
high-risk items (sharp objects, broken glass). Table 1 presents the prompts used
to generate each type of hazard. Each original image is modi�ed according to
the selected prompt, creating realistic hazard scenarios that enable systematic
evaluation and improve the robustness of the detection model.

Synthetic data is useful for hazard detection, as real examples are often unsafe
or hard to capture. Each synthetic image was manually veri�ed (Fig. 2). Global
image features were extracted using DINOv2, providing semantically rich repre-
sentations. Average Euclidean distances indicate minor domain shifts: for Test 1,
Train → Test Real ≈ 0.3462 and Train → Test Synthetic ≈ 0.3548 (≈ 2.5%);
for Test 3, Train → Test Real ≈ 0.3472 and Train → Test Synthetic ≈ 0.3552
(≈ 2.3%), showing very limited di�erences. Patch-based evaluation and a semi-
supervised setup ensure that performance challenges re�ect true detection di�-
culty rather than synthetic bias.

Table 1. Prompts used for generating synthetic visual hazards.

ID Prompt text Obstacle type

1 Change the image by placing cables scattered on the �oor. Cables

2 Change the image by adding a trash bin blocking the path. Trash bin

3 Change the image by adding a box blocking the path. Box

4 Change the image by placing a trolley blocking the way. Trolley

5 Change the image by adding a small puddle of liquid on the
�oor.

Liquid

6 Change the image by adding a person moving unexpectedly. Person

7 Change the image by adding sharp shards to a part of the �oor. Shards

8 Change the image by setting an existing object in the scene on
�re.

Fire
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Fig. 2. Example images from the PiCameraRobot subset with generated hazard sce-
narios.

5 Results

Experiments were conducted at both image and patch levels using nine sub-
classes: normal, cables, trash bin, box, trolley, liquid, person, shards, and �re.
Data were drawn from the Test 1 and Test 3 sequences of the PiCameraRobot
subset [34]. The dynamic scenario challenges both detection and localization, and
the proposed approach was evaluated under multiple parameter settings and net-
work architectures to assess the impact of feature dimensionality, preprocessing,
and model choice on performance. Two evaluation variants were used: a global
setting across all classes and a one-class setting comparing anomalies with nor-
mal samples for each target class, systematically measuring the robustness and
sensitivity of the method.

5.1 Image-level and Patch-level Anomaly Detection

Tables 2 and 3 report one-class anomaly detection results with map re�nement
for MobileNetV2 (MNet2), ResNet-18, VGG-16, and DINOv2 in RobotPiCamera
Test 1 and Test 3, showing the ROC AUC at the image-level and PR AUC at
the patch-level. In Test 1, DINOv2 achieves the highest performance both at
the image level (ROC AUC = 0.7900) and patch level (PR AUC = 0.8705).
Classes such as Person, Cables, and Boxes are reliably detected, whereas smaller
or irregular objects (Liquid, Shards, Trash bin) remain challenging. In the more
challenging Test 3, DINOv2 again achieves the best ROC AUC at image level
(0.8070) and PR AUC at patch-level (0.8332), while VGG-16 maintains steady
performance at image-level (ROC AUC = 0.7297) and patch-level (PR AUC =
0.7015). MobileNetV2 shows lower overall performance (ROC AUC = 0.6084, PR
AUC = 0.6739). In general, map re�nement improves local patch-level sensitivity
across all backbones; while DINOv2 excels globally and VGG-16 performs best
in select classes, ResNet-18 provides a balanced global performance.

Figure 3 illustrates example query images from the RobotPiCamera Test 1
dataset, overlaid with predicted anomaly masks at a patch resolution of 14×14,
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Table 2. One-class anomaly detection (k = 10) with map re�nement (normal vs.
anomaly) for RobotPiCamera Test 1

Class MNetV2+MR ResNet-18+MR VGG-16+MR DINOv2+MR

ROC AUC PR AUC ROC AUC PR AUC ROC AUC PR AUC ROC AUC PR AUC

Cables 0.8000 0.7054 0.8096 0.7349 0.8362 0.7434 0.8669 0.7421

Trash bin 0.6218 0.3679 0.6402 0.3641 0.6755 0.4827 0.6925 0.7452

Box 0.6951 0.5718 0.6501 0.5028 0.7596 0.6651 0.9406 0.8953

Trolley 0.6979 0.6252 0.7042 0.6157 0.7860 0.6632 0.8818 0.8191

Liquid 0.6622 0.4203 0.6062 0.3855 0.7209 0.4553 0.5933 0.4332

Person 0.8364 0.8139 0.8669 0.7994 0.8713 0.8395 0.9588 0.8395

Shards 0.7428 0.6285 0.7470 0.5805 0.7646 0.6341 0.7978 0.6983

Fire 0.7217 0.6438 0.8124 0.6938 0.8189 0.6804 0.5885 0.4971

All 0.7222 0.7383 0.7296 0.7078 0.7791 0.7670 0.7900 0.8705

Table 3. One-class anomaly detection (k = 10) with map re�nement (normal vs.
anomaly) for RobotPiCamera Test 3.

Class MNetV2+MR ResNet-18+MR VGG-16+MR DINOv2+MR

ROC AUC PR AUC ROC AUC PR AUC ROC AUC PR AUC ROC AUC PR AUC

Cables 0.7176 0.6682 0.8058 0.7136 0.8063 0.7114 0.9012 0.7460

Trash bin 0.4655 0.2962 0.5919 0.3242 0.6171 0.3844 0.7368 0.7319

Box 0.5446 0.4590 0.6360 0.4307 0.6889 0.5178 0.9116 0.8482

Trolley 0.5721 0.5159 0.7085 0.5806 0.6978 0.5703 0.8610 0.7652

Liquid 0.5778 0.3495 0.6028 0.2742 0.6794 0.3754 0.6634 0.3646

Person 0.6633 0.7237 0.7709 0.7214 0.8281 0.7686 0.9417 0.8308

Shards 0.7170 0.5958 0.6747 0.4908 0.7620 0.6112 0.8457 0.7044

Fire 0.6094 0.5526 0.7534 0.6486 0.7584 0.5887 0.5944 0.4911

All 0.6084 0.6739 0.6930 0.6511 0.7297 0.7015 0.8070 0.8332

generated by the DINOv2 model using a patch bank of k=10 nearest neighbors
with map re�nement. The number of nearest neighbors was empirically deter-
mined as a trade-o� between robustness and computational cost, using a patch
bank of normal training images, whose retrieved neighbors re�ect both scene
consistency and determine the anomaly score. In the predicted masks, green indi-
cates true positives (TP), red indicates false positives (FP), blue represents false
negatives (FN), and the uncolored regions correspond to true negatives (TN). In
Figure 3, four representative cases are shown. The �rst row demonstrates correct
anomaly detection with minimal errors, highlighting e�ective patch bank match-
ing. The second row depicts mislocalized anomalies, where the anomalous regions
were not fully captured. In the third row, a large anomalous area is mostly de-
tected; however, a lack of su�ciently similar entries in the patch bank results in
incomplete matching. The fourth row presents a FP detection, with normal re-
gions erroneously predicted as anomalous. Some of these errors can be attributed
to the in�uence of anomalous regions in the global feature vectors, which a�ects
the selection of suitable neighbor patches, as well as variations in lighting or
object positions in normal scenes that may impact patch-level matching. The
proposed solution includes a benchmark mode for reliable anomaly detection,
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controlled by the number of nearest neighbors. In practical robot deployment, it
analyzes sequences of images to improve robustness and reduce false predictions.

Fig. 3. Query image with predicted anomaly mask and the 10 nearest neighbor images
from the patch bank (DINOv2 + MR).

Table 4 summarizes the anomaly detection performance across di�erent back-
bones (MobileNetV2, ResNet-18, VGG-16, and DINOv2), the number of nearest
neighbors (k), and map re�nement in RobotPiCamera Test 1 and Test 3. The
results show that applying MR and increasing k generally improves the PR AUC
at the patch-level, enhancing the sensitivity to local anomalies. DINOv2 consis-
tently achieves the highest image-level ROC AUC (0.8070 in Test 3) and top
patch-level PR AUC (0.8737 for Test 1), demonstrating both strong global and
local performance. VGG-16 excels in �ne-grained patch-level detection (up to
0.7918 in Test 1 with k = 30), while ResNet-18 provides strong image-level ROC
AUC, particularly with smaller k values. MobileNetV2, though e�cient, yields
lower overall performance. In general, MR combined with a larger patch bank
improves subtle anomaly detection, and the choice of backbone should match the
priority: global assessment (DINOv2/ResNet-18) versus local precision (VGG-
16).

Feature extraction times were measured on an NVIDIA RTX 3060 Laptop
GPU (6 GB). On the training set, DINOv2 averages 10.1 ms per image for global
features and 37.6 ms for patch-level extraction, while ResNet-18, VGG-16, and
MobileNetV2 require 1.4/28.6 ms, 3.2/27.4 ms, and 1.4/35.3 ms, respectively.
This shows that DINOv2 combines high anomaly detection accuracy with com-
petitive e�ciency and detailed patch-level representations.

A standard k-NN was used, but inference on resource-constrained robots can
be accelerated with FAISS or FAISS HNSW [20]. Using DINOv2 features on
Test 1, average search times per image were: standard k-NN ≈ 11.3 ms (global)
/ ≈ 2.7 ms (patch), FAISS ≈ 1.0 / ≈ 1.1 ms, and FAISS HNSW ≈ 0.5 /
≈ 1.6 ms, showing that approximate methods greatly speed up global search
while preserving patch-level accuracy.
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Table 4. Anomaly detection with di�erent backbones, nearest neighbors (k), and map
re�nement.

Method Model #NN MR Test 1 Test 3

(k) ROC AUC PR AUC ROC AUC PR AUC

PatchCore PiCamera � � 0.5821 0.6755 0.5348 0.6157

MobileNetV2 ImageNet

10 � 0.5309 0.7060 0.5197 0.6375

10 + 0.7222 0.7383 0.6084 0.6739

20 + 0.7284 0.7595 0.6273 0.6928

30 + 0.7461 0.7669 0.6587 0.7013

ResNet-18 ImageNet

10 � 0.7532 0.6825 0.7218 0.6246

10 + 0.7296 0.7078 0.6930 0.6511

20 + 0.7559 0.7370 0.7145 0.6743

30 + 0.7540 0.7511 0.7026 0.6870

VGG-16 ImageNet

10 � 0.5185 0.7040 0.5197 0.6484

10 + 0.7791 0.7670 0.7297 0.7015

20 + 0.7918 0.7853 0.7056 0.7151

30 + 0.7997 0.7918 0.7274 0.7269

DINOv2 LVD-142M

10 � 0.8070 0.8184 0.7024 0.7758

10 + 0.7900 0.8705 0.8070 0.8332

20 + 0.7995 0.8737 0.7989 0.8337

30 + 0.7924 0.8735 0.7917 0.8362

6 Conclusions

The proposed approach provides a practical and interpretable framework for
detecting potential hazards as anomalies in dynamic indoor scenes. Although
the evaluation dataset is designed purely for evaluation purposes and does not
contain training data, this aligns naturally with the semi-supervised nature of
the method, making it �exible and broadly applicable. A current limitation is
the relatively low-resolution ground truth mask, which restricts spatial preci-
sion; however, it remains su�cient to identify regions with potential hazards in
indoor robotics. Future work could explore higher-resolution mask generation to
produce more detailed anomaly maps. In addition, generative approaches could
be used to synthesize training data, thereby creating diverse anomalous samples
and improving robustness.

The method operates at image and patch levels, localizing unusual regions
and providing interpretable visual explanations, though it lacks true pixel-level
anomaly detection. The resolution used is adequate for practical robotic haz-
ard detection. The global k-NN search mechanism can also be applied to im-
age retrieval tasks such as VPR, providing a useful extension. Furthermore, the
anomaly detection pipeline supports the distillation of a dataset, image com-
parison, and the detection of outliers as potential new locations. One limitation
is the reliance on nearest-neighbor selection for constructing the anomaly bank,
which can introduce errors. Additionally, combining the global k-NN search with
patch-based bank construction increases computational and time requirements,
reducing scalability for very large datasets. Nevertheless, this trade-o� is ac-
ceptable given the method's interpretability and demonstrated e�ectiveness in
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controlled evaluation scenarios. Another consideration is that the framework
treats all signi�cant deviations as potential hazards without distinguishing true
threats from benign variations, such as scene changes caused solely by human
activity. Despite this, the approach provides meaningful insight into the dynam-
ics of the environment and can guide safety-oriented decision-making. In general,
the semi-supervised, generative-compatible design of the framework, along with
its dual-level (image and patch) analysis, makes it a promising foundation for fu-
ture research on hazard-speci�c identi�cation and adaptive autonomous robotic
perception.
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