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Abstract. Occlusion, the partial visual obstruction of objects in an image, poses a significant challenge for
state-of-the-art computer vision models. Because these models are typically trained on unoccluded data,
they struggle to handle the challenges introduced by occlusion, namely the loss of visible information and
the presence of distracting patterns that can mislead classifiers. To address these challenges, we propose
OASIC, a method designed to enhance model robustness against both the information loss and visual
distraction caused by occlusion. This thesis investigates OASIC's effectiveness in improving the resilience
of existing vision models under varying occlusion levels. Our approach leverages pixel-wise occlusion
likelihoods, which can be obtained from any suitable source. In this work we employ AnomalyDINO [2]
to estimate the occlusion likelihoods by detecting irregularities in the image. This makes the method
occlusion-agnostic, independent of the specific type or appearance of the occluder. These likelihoods are
utilized in two complementary ways. First, they are used to segment and mask occluded regions with
a neutral gray color, reducing visual noise. Second, they are aggregated to estimate occlusion severity,
enabling severity-informed model selection that dynamically adapts to the amount of visible information.
Experimental results show that combining gray masking with severity-aware model selection improves
AUC,cc by +6.36 over training directly on occluded data and by +16.65 over fine-tuning on unoccluded
data. Overall, OASIC demonstrates substantial gains in occlusion robustness through a modular and
adaptable framework.

Keywords: Computer vision - Occlusion Robustness - Visual recognition

1 Introduction

Modern computer vision models perform impressively on clean, fully visible images. In practice, however,
objects are often partially hidden or obscured (for example by foliage, smoke, or other objects) causing standard
models to fail. Understanding and handling such conditions is essential for deploying vision systems in real-
world applications like surveillance, autonomous driving or military imagery, where occlusions are the norm
rather than the exception. In this work, we focus on the latter domain, namely the fine-grained classification
of military tank vehicles.

Standard datasets typically consist of fully visible examples. For instance, in military tank classification,

datasets show clear, unobstructed tanks (Fig. 1a). In contrast, real-world images often capture tanks partially
hidden behind terrain, foliage, or camouflage (Fig. 1b). Occlusion, the phenomenon where parts of an object
are hidden from view, makes classification significantly harder.
The gap between clean training images and occluded real-world conditions is a significant challenge in com-
puter vision [25, 27]. Occlusion not only reduces the visible regions of an object but also introduces distracting
patterns that can mislead classifiers [36, 26, 30]. Occlusion handling remains an active area of research. Further-
more, datasets containing annotated occlusion are scarce, and real-world occlusions are often unpredictable,
making robust fine-grained classification under occlusion a particularly difficult problem.

To address the challenges posed by occlusion, we propose OASIC (Occlusion-Agnostic Severity-Informed
Classification), a method that explicitly targets both underlying difficulties: (i) the loss of visible information
and (ii) the visual distraction introduced by occluders. Our approach leverages pixel-level maps that represent
the likelihood of occlusion for each pixel. These maps can, in principle, originate from any source. However,
in this work, we use AnomalyDINO [2], a recent patch-based anomaly detection method, to demonstrate the
feasibility of our approach. We treat occluded regions as a form of visual irregularity, assuming that they
deviate from the object’s expected appearance and can therefore be localized as irregularities in the visual
input.

By interpreting occlusion as an irregularity in the visual input, OASIC can localize any type of occlusion
(whether vegetation, smoke, or other visual obstructions) without requiring prior knowledge of the occluder.
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(b) Occluded real-world image of a tank ve-
(a) Clean training image of a tank vehicle hicle

Fig. 1: Comparison of clean vs. occluded images.

We refer to this as occlusion-agnostic segmentation. From the per-pixel likelihood of occlusion, we derive
segmentation masks that serve two complementary purposes.

First, the segmentation is used to mitigate visual distraction: occluded regions are replaced with a neutral
gray tone, effectively suppressing the misleading texture cues introduced by complex occluders. Second, we use
the same segmentation maps to estimate the occlusion severity, defined as the fraction of the image identified
as occluded. This severity estimate is then used to guide model selection. Specifically, we fine-tune a series
of models on gray-occluded training images at varying occlusion severities, ensuring that training conditions
align closely with those encountered at test time. During inference, the model whose training severity best
matches the estimated occlusion level is selected for classification.

Fine-tuning on occluded images, however, is non-trivial. We observe that a model optimized for a single
occlusion severity tends to perform poorly at others, likely because it adapts to the specific occlusion distribution
present during training. As a result, robustness to one severity level does not generalize across the entire
spectrum. The optimal performance at any given occlusion level depends strongly on the severity distribution
the model was exposed to during training.

Together, these two components, gray masking and severity-informed model selection, form OASIC, a
unified occlusion-aware framework designed to improve fine-grained classification robustness under varying
degrees of occlusion.

1.1 Research questions

In this work, we address three central research questions related to understanding and mitigating the effects of
occlusion in fine-grained image classification. First, we investigate how occlusion specifically impacts classifica-
tion performance and model attention. Second, we examine whether AnomalyDINO can reliably segment and
quantify occlusions, and how its performance compares to that of a dedicated segmentation model. Finally, we
explore how the resulting occlusion information, both in terms of localization and severity, can be leveraged
to enhance classification robustness under varying degrees of occlusion. Our research questions are as follows:

RQ1: In what ways does occlusion impact the reliability of image classification systems, considering both
the reduction of observable object regions and the presence of distracting visual interference?

RQ2: To what extent can AnomalyDINO provide reliable occlusion segmentation and severity estimation?
RQ3: How can per-pixel occlusion likelihoods be integrated, through methods such as occlusion masking
or severity-guided model selection, to improve fine-grained classification performance under occlusion?

1.2 Contributions
The main contributions of this work are as follows:

— Occlusion-agnostic segmentation. We introduce a method that interprets occluded regions as visual
irregularities, enabling segmentation of arbitrary occluders from per-pixel anomaly likelihoods without prior
knowledge of the occlusion type.



4 K. Gijzen, et al.

— Gray masking and severity estimation. Using the derived occlusion maps, we mitigate visual distraction
by masking occluded regions with a neutral gray tone and estimate occlusion severity as the fraction of
the image identified as occluded.

— Severity-informed model selection. We propose a model selection strategy guided by the estimated
occlusion severity. By fine-tuning models across multiple occlusion levels, our approach adaptively selects
the most suitable model at inference, leading to improved classification robustness under occlusion.

1.3 Thesis structure

The remainder of this thesis is structured as follows. Section 2 reviews related work and introduces the
necessary preliminaries. Section 3 describes the dataset used in this study. Section 4 presents our proposed
method, OASIC. The experimental setup is detailed in Section 5, followed by the results in Section 6. Finally,
Section 7 discusses the findings and their implications.

2 Related work and preliminaries

2.1 Occlusion handling

Occlusion poses a major challenge in visual recognition because it hides informative regions and introduces
misleading signals. To address this, researchers have proposed a variety of strategies aimed at improving
robustness. Broadly, these methods fall into two categories. The first category leverages data augmentation
techniques, which expose models to occlusion-like scenarios during training so that they learn to rely on
multiple image regions rather than a single discriminative patch. The second category focuses on part-based
modeling, where objects are broken down into semantic parts, so the model can still make predictions even if
only a subset of those parts is visible. Together, these approaches reflect the current research trend of reducing
the impact of missing or corrupted information in occluded images.

Data augmentation techniques To handle occlusion, researchers have introduced data augmentation
techniques that create modified training samples, discouraging models from relying too strongly on any single
image region for predictions. Mixup [35] creates new training samples by blending two images together through
a weighted average of their pixels. CutMix [33] instead replaces regions of one image with patches from another,
producing cut-and-paste combinations. Hide-and-Seek [15] randomly hides patches in an image so the model
is forced to look at other useful regions when the most obvious ones are missing. The common idea across
these methods is that by training on partial or mixed views of images, networks are encouraged to learn
part-based features. TransMix [1], an extension of CutMix, goes a step further by adjusting how much of
each image contributes to the final label based on transformer attention values. The authors argue this better
captures part-based knowledge, which helps models perform more reliably under occlusion. In general, data
augmentations like Mixup, CutMix and TransMix can improve recognition on occluded images because they
splice together image parts and link labels to visible regions. However, while these methods reduce the loss
of information caused by occlusion, they do not fully address the confusion introduced when irrelevant or
misleading features are present.

Part-based modeling Part-based methods break objects into semantic parts, classify those parts, and
then combine them to predict the full object. The idea is that even if part of an object is hidden, the visible
parts still provide useful information. CompositionalNets [14, 13] include an occlusion localization module that
predicts which regions are blocked. Features from a standard convolutional neural network (CNN) backbone are
organized into dictionaries that act like part detectors, capturing how object parts are arranged across classes.
By reasoning explicitly over part visibility, CompositionalNets improve recognition when objects are partially
occluded. TDMPNet [31] also estimates a visibility map from CNN features, but it suppresses irrelevant
or occluded features earlier in the network. Its top-down attention module removes activations caused by
occluders, producing cleaner feature representations. By filtering out noise, TDMPNet helps the model focus
only on visible object parts and reduces errors caused by partial occlusion.

While these methods show the promise of part-based reasoning, they are still limited by their CNN back-
bones. CNNs are limited by their local receptive fields, which makes it difficult for them to capture long-range
dependencies and reason about object parts that are far apart or partially hidden. Additionally, research has
found that CNNs are not robust to occlusion [5], and are prone to overfitting, which in turn leads to poor
generalization when occlusion is present [3].
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2.2 Vision transformers

The Vision Transformer (ViT) adapts the transformer architecture [29] to images and has shown strong
robustness to occlusion. Unlike CNNs, which build larger receptive fields layer by layer, ViTs split an image
into patches and model their global relationships through self-attention [4]. This global view allows ViTs to
recover context even when large areas of an image are hidden.

Studies show that ViTs outperform CNNs under occlusion [17, 9]. A key factor is self-supervised pretraining,
especially Masked Image Modeling (MIM) [12, 32]. Similar to masked language modeling in natural language
processing, MIM hides large portions of the input and trains the network to reconstruct them. Approaches
such as Masked Autoencoders [8] and iBOT [37] build on this principle, making ViTs somewhat resilient to
occlusion-like scenarios. Large-scale foundation models such as CLIP [21] and DINOv2 [18] use the transformer
architecture introduced in ViTs and are pretrained on massive, diverse datasets. This pretraining granted them
with rich feature representations and broad semantic knowledge, allowing them to act as general-purpose vision
backbones that can be adapted to a wide range of tasks with little or no fine-tuning.

Unlike augmentation- and part-based methods, which are designed explicitly to handle occlusion, transformer-
based models gain robustness more indirectly through their pretraining strategies. This incidental robustness
has been observed in practice: transformer-based models retain competitive accuracy even when large por-
tions of the input are occluded [17]. However, this robustness is uneven and breaks down under stronger or
structured occlusions, such as when key object parts are consistently hidden [9]. This suggests that comple-
mentary strategies may be necessary to move beyond incidental resilience and achieve reliable performance
under occlusion.

2.3 Occlusion segmentation

To the best of our knowledge, no prior work has addressed occlusion segmentation in an occlusion-agnostic
manner by leveraging pixel-level anomaly maps. In this work, we repurpose anomaly detection techniques—specifically
AnomalyDINO [2] (which was originally developed for defect localization) as a generalized occlusion estima-
tor. Segmenting “the unusual” is a common paradigm in industrial anomaly detection, where methods such as
AnomalyDINO, PatchCore [23] and DRAEM [34] generate per-pixel anomaly likelihoods to localize defects or
irregularities.

Our approach extends this principle beyond industrial inspection: we interpret high anomaly likelihoods as
indicators of occluded regions. This enables occlusion segmentation without any explicit occlusion supervision,
relying solely on image-level labels. While no existing work has yet generalized occlusion segmentation in
this way, related segmentation methods can target specific occluder types. For instance, SAM2 [22], a state-
of-the-art zero-shot segmentation method, and OVSeg [16], an open-vocabulary segmentation model, can
be prompted to segment known occluders such as vegetation [28]. However, such approaches require prior
knowledge of the occluder type at inference time, along with model prompting or specialization for each
occlusion category. This is an inherent limitation our occlusion-agnostic formulation overcomes.

2.4 Preliminary: AnomalyDINO

To quantify occlusions at the pixel level, we employ AnomalyDINO [2]. AnomalyDINO is a method originally
designed to produce anomaly maps indicating the probability of each pixel being anomalous. In our case, these
anomaly maps are interpreted as occlusion probability maps. AnomalyDINO is a recent anomaly detection
method that builds on the strong patch-level features extracted by DINOv2 [18]. AnomalyDINO is a training-
free, patch-based technique, which makes it especially suitable for few-shot scenarios and for settings where
collecting large-scale anomaly data is impractical.

Patch-level nearest-neighbor scoring AnomalyDINO operates as a nearest-neighbor approach applied to
patch-level feature embeddings. Each image is represented as a collection of patch features, which are compared
to a memory bank of nominal reference patches to compute per-patch anomaly scores. This highlights regions
that deviate from expected appearance, such as occluded areas, which receive higher anomaly scores.

The memory bank M is constructed by extracting patch-level embeddings from a set of nominal (non-
occluded) reference images using DINOv2. For a test image, patch embeddings are computed in the same
manner and compared against M. The anomaly score of a test patch p is defined as its nearest-neighbor
distance to the reference patches:
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dNN(p; M) = Inlel\/l d(pa pref)v (1)

Pref€

where d(-,-) denotes a distance metric. Following the original AnomalyDINO paper, we use the cosine
distance, defined as

X-y
deos(%,y) = 1 — 7= (2)
- Il Iyl
where x -y is the dot product of vectors x and y, and ||x|| denotes the Euclidean norm of x. Intuitively, if a
patch in the test image does not resemble any nominal reference patch, its anomaly score will be high.

Continuous anomaly map After computing patch-level anomaly scores dyn(p; M) for each patch p, we
transform these discrete patch scores into a continuous per-pixel anomaly map A € [0,1]*W where H and
W denote the height and width of the image. Let D € R"*% denote the matrix of patch-level distances,
normalized to [0, 1]. The continuous anomaly map is obtained by applying bilinear upsampling U followed by
Gaussian smoothing G,

A=G, (u(D)), o = 4.0, (3)

where U : R"*v — REXW performs bilinear interpolation, and G, denotes Gaussian smoothing with
standard deviation ¢. Each entry of A satisfies 0 < A; ; < 1, where 0 indicates a non-anomalous (normal)
pixel and 1 indicates a highly anomalous (potentially occluded) pixel.
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Fig. 2: Visualization of anomaly detection. The top row shows the anomaly maps overlaid on a clean
image, highlighting potential anomalies. The bottom row shows the anomaly map overlaid on an occluded
image, demonstrating how occlusion affects the anomaly detection results.

As shown in Figure 2, the top row shows the anomaly map overlaid on a clean image, highlighting the
regions identified as anomalous. The bottom row presents the corresponding anomaly map on an occluded
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image, demonstrating how occlusions influence the anomaly detection results. This comparison clearly shows
the effect of occlusions on the anomaly predictions.

3 Dataset

While dataset descriptions are typically included in the experimental setup, we present it earlier here because
the artificial occlusion generation process introduced below is a prerequisite for understanding our proposed
method.

We conduct our experiments on a fine-grained, non-occluded dataset of military tank images, comprising
205 training images and 41 test images across 29 classes. Each class corresponds to a specific type of tank
vehicle, resulting in subtle inter-class variations. Accurate classification therefore depends on recognizing small
visual differences, making effective occlusion handling particularly important in this context.Figure 3 illustrates
five examples from five distinct tank classes, highlighting the subtle but critical visual variations that distinguish
them.

(a) Altay (b) Challenger 2  (c) K2 Black Panther (d) Leopard (e) Type 99

Fig. 3: Five example images from distinct tank classes in the dataset, illustrating subtle inter-
class visual differences.

It is unlikely that foundation models such as DINOv2 have encountered our dataset during pretraining. This
makes it particularly relevant for our study, as we fine-tune the model rather than relying solely on pretrained
representations, ensuring that our experiments remain largely independent of the original pretraining data.

Although the base dataset is unoccluded, it can be scaled to arbitrary occlusion levels by applying artificial
occlusion during training and evaluation. Rather than precomputing occluded versions, we generate occlusions
on the fly: for each image, an occlusion mask is procedurally created and immediately applied by overlaying
cutouts of occluding objects. This approach enables control over both the type and severity of occlusion during
training.

3.1 Artificial occlusion generation

To study the effect of occlusion and evaluate our approach, we generate artificial occlusions on the non-
occluded images. First, we create ground-truth occlusion masks M using Perlin noise [20], a gradient noise
function widely used in computer graphics to produce natural textures such as clouds, smoke, and terrain. Its
spatial coherence ensures smooth patterns, making it well-suited for simulating gradually varying occlusions
like vegetation, smoke or fog. Importantly, this approach allows us to actively control the degree of occlusion,
i.e., the percentage of pixels in an image that are covered by the occluding region. The occlusion masks provide
pixel-level ground truth, enabling quantitative evaluation of occlusion segmentation and severity estimation.
An example of the artificial occlusion generation can be seen in Figure 4.

Using these masks, we overlay occluding objects onto the original images to generate occluded samples. We
first build a bank of occlusion cutouts by segmenting natural images containing the desired occlusion objects
(for example foliage, smoke, or rubble) using the Segment Anything Model (SAM) [10]. The resulting cutouts
are saved and later reused during training and evaluation, where they are then pasted inside the regions of the
occlusion mask. This approach allows us to apply diverse occlusions on-the-fly while maintaining consistency
across experiments. This procedure yields controlled, realistic occlusion scenarios, effectively enriching the
dataset for evaluating occlusion robustness.
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(a) Original sample (b) Generated occlu- (c) Sample with veg- (d) Sample with (e) Sample with rub-
sion mask etation occlusion smoke occlusion ble occlusion

Fig.4: Examples of occlusion generation. (a) original dataset image, (b) Perlin-generated occlusion
mask, used to overlay the clean image with a textured occlusion, resulting in (c) vegetation-occluded
image, (d) smoke-occluded image, and (e) rubble-occluded image.

We refer to any artificial occlusion introduced through cutouts, such as vegetation, smoke, or rubble, as a
textured occlusion. In addition, we consider a non-textured occlusion, obtained by overlaying a uniform gray
mask on the image.

4 OASIC: Occlusion-agnostic severity-informed classification

In this section, we present our proposed method, Occlusion-Agnostic Severity-Informed Classification
(OASIC). We begin with a high-level overview of the approach, followed by detailed explanations of its main
components: occlusion map generation, occlusion segmentation, severity estimation, and model selection.

4.1 Overview

We propose OASIC (Fig. 5), a framework that tackles the two primary challenges introduced by occlusion:
visual distraction caused by misleading occlusion textures, and information loss due to missing object regions.
To address these issues, our approach leverages pixel-level maps that estimate per-pixel occlusion likelihoods
and uses them in two complementary ways.

First, we convert pixel-wise occlusion likelihoods into occlusion maps that localize regions likely affected
by occlusion. These regions are then masked with a neutral gray, replacing distracting occlusion textures with
a uniform appearance. This step directly mitigates the effect of visual distraction, ensuring that the model
focuses on visible and relevant object features while preserving the overall image structure.

Second, by aggregating pixel-wise occlusion likelihoods, we estimate the occlusion severity, expressed as
the fraction of the image that is occluded. This estimate serves as a proxy for the available visual information
and guides the selection of the most suitable classifier from a pool of models fine-tuned for different occlusion
severities. In doing so, the framework adapts to varying levels of information loss, ensuring stable recognition
performance across diverse visibility conditions. Our experiments further confirm that no single model performs
optimally across all occlusion severities, highlighting the need for such severity-informed model selection.

Our approach leverages occlusion likelihoods to mitigate distraction from the primary object and to adapt
recognition under reduced object visibility. In this work, we employ AnomalyDINO [2], an occlusion-agnostic
method that generates anomaly maps indicating the likelihood of each pixel being anomalous. The method is
considered occlusion-agnostic because it detects irregularities in appearance rather than relying on predefined
occluder types (e.g., vegetation or other domain-specific artifacts). We interpret these anomaly maps as
occlusion probability maps, reflecting how likely each pixel is to belong to an occluding region.

Although AnomalyDINO is used in our implementation, the proposed framework remains independent of
the specific source of these maps. Any method capable of producing pixel-level likelihoods of occlusion could
be integrated. For simplicity of notation, we refer to these pixel-level likelihood maps, regardless of their origin,
as anomaly maps throughout this thesis.

4.2 Occlusion segmentation and masking

AnomalyDINO produces an anomaly map A € [0, 1]#*W that assigns each pixel a likelihood of being occluded.
To obtain a discrete representation of these regions, the map is thresholded at a value 7, yielding a binary
occlusion map O € {0,1}7*W that indicates which pixels are classified as occluded:
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Handling information loss

Pool of models

Memory bank with

non-occluded images .
@ Anomaly map jﬁ

Input image

i fhe Occlusion

> severity
> Mask '7(’:} Select
image best model
- Input
C Severity-informed y: Prediction
- model f*

Gray masked image

Suppressing occlusion distraction

Fig.5: Occlusion handling with OASIC. Unoccluded representations of the to-be-classified objects
are collected and stored in the memory bank M, while a pool of models F is fine-tuned for optimal
performance under varying occlusion severities. At test time, an anomaly map is inferred using Anomaly-
DINO by scoring against the memory bank. The anomaly map is then used to both segment and quantify
occlusions: the segmented masks guide gray masking of occluded regions (to suppress distraction), while
the estimated severity informs the selection of the most suitable classification model f* from the pool
F (to better handle reduced visual information). Finally, classification is performed on the gray-masked
image using f*.

1, ifA >
Om‘:{’l s =7 (4)

0, otherwise,
where 7 € [0, 1]. The choice of threshold 7 allows control over the aggressiveness of occlusion detection:

— Aggressive detection: Use a low threshold to capture as much occlusion as possible, at the cost of potential
false positives.

— Conservative detection: Use a high threshold to mark only high-confidence occluded pixels, reducing false
positives.

Adaptive thresholding Instead of using a fixed threshold 7, we also explore dynamic thresholding based
on Otsu’'s method [19]. This approach selects 7 by analyzing the histogram of anomaly scores in A and
maximizing the between-class variance, thus adapting the thresholded binary occlusion map O to each image.
Let the normalized histogram of anomaly values be p(i) for intensity levels i € {0,...,L — 1}. For a given
threshold ¢, the class probabilities and class means are defined as:

t L—1
wo(t) =D (i), wi(t) =Y pli), (5)
i=0 i=t+1
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The between-class variance is then given by:

o3 (t) = wo(t) wi(t) [ko(t) — pa (1)), (7)

Otsu’s method selects the optimal threshold as:

T = arg max oi(t). (8)

Finally, the binary occlusion map O is obtained as:

]., If Ai,j Z T*,
iJ:{ _ (9)
0, otherwise.
Occlusion masking Using the binary occlusion map O, we mask occluded regions with a uniform gray value.
This suppresses the high-frequency textures typically caused by occlusions, preventing them from interfering
with feature extraction and classification. Specifically, we construct a masked image Iasked by replacing all
pixels identified as occluded (O; ; = 1) with a uniform gray value g:

g fO;=1,
Imas ed,i,j — ’ i N
ked,i,j {[m’ otherwise, v

where I denotes the original image and g denotes the constant gray intensity applied to occluded pixels.
Considering we use RGB images, we set g = 127 for all channels, corresponding to a mid-level gray tone.
This procedure removes distracting appearance artifacts introduced by occlusion, while preserving the visible,
non-occluded regions of the object. The resulting masked images serve as input for downstream tasks, in our
case being classification. As shown in Figure 6, the effect of different threshold values 7 on the masking is
clearly visible.

(a) Occluded image (b) Masked image, 7 = 0.3 (c) Masked image, 7 = 0.5 (d) Masked image, 7 = 0.7

Fig.6: Comparison of an occluded image and its masked versions at different thresholds 7.
From left to right: the original occluded image, and masks applied with thresholds 0.3, 0.5, and 0.7.

4.3 Occlusion severity estimation

Beyond binary occlusion segmentation, we also quantify the severity of occlusion, defined as the proportion
of the image that is occluded. Formally, we denote the estimated occlusion severity as § € [0, 1], representing
the fraction of occluded pixels in the image. We evaluate three strategies to estimate occlusion severity from
the anomaly map A and the binary occlusion map O:

— Mean anomaly score: The continuous anomaly map A provides per-pixel anomaly scores. The severity is
approximated as the spatial mean:

1 H W
§mean = ﬁ Z ZAi,j- (11)
i=1 j=1
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— Fixed-threshold proportion: Given a threshold 7, the binary occlusion map O can be used to compute the

proportion of occluded pixels:
H W

R 1
i=1j=1
— Adaptive-threshold proportion: Using Otsu’s method to derive a dynamic threshold 7oy, we compute a
binary occlusion map Ooys, and define severity as:

| AW
Sowu = =Y _ > _ O (13)
H-W i=1 j=1

These three formulations allow us to compare soft (continuous) and hard (discrete) interpretations of the
anomaly map, as well as fixed and adaptive thresholding strategies. In all cases, the severity value provides a
measure of occlusion extent, which is used within our framework to select the most appropriate model for the
given level of occlusion.

4.4 Fine-tuning for occlusion robustness

Empirically, we observed that models fine-tuned on a range of occlusion levels [0, p] achieve their peak per-
formance when evaluated on test images with occlusion severities close to p. At the same time, these models
maintain competitive performance on images with lower occlusion severities (< p), indicating that exposure
to a moderate range of occlusions promotes broader robustness.

To obtain models specialized for different levels of occlusion, we fine-tune multiple instances of the base
classifier on synthetically occluded datasets. For each maximum occlusion level p € {0,10,...,100}, we
construct a corresponding training dataset D, by applying gray occlusions with severities uniformly sampled
from the range [0, p]. Each image in Dy ;) is occluded with neutral gray regions covering a random fraction
p’ of its area, where p’ ~ U(0,p). Fine-tuning the base classifier on Dy ;) yields a model denoted by fjo ;).

This approach exposes each model to a range of occlusion severities up to p%, allowing it to adapt its
feature representations accordingly. Furthermore, by applying a similar gray-masking at inference (guided by
the estimated occlusion map) we simulate the visual conditions encountered during testing, thereby promoting
consistency between training and inference.

4.5 Severity-informed model selection

We observed that models fine-tuned on datasets with specific occlusion ranges (e.g., [0, p]) tend to perform
best on test images whose occlusion severity lies near the upper bound of that range. Performance gradually
degrades as the test occlusion level deviates from the training range, suggesting that a single model may not
perform optimally across the full spectrum of occlusion severities. We further investigate this behavior in the
Experiments section.

To address this limitation, we maintain a pool of fine-tuned models

‘F: {f[(),p] ‘p € 7)}7

where P denotes the set of maximum occlusion levels used during fine-tuning. During inference, we estimate
the occlusion severity of an input image as § € [0, 1].
We then select the most suitable model fig ,+) from F based on the estimated severity :

* inls— 14
P’ = argmin 15 —pl, (14)
"= fop- (15)

This severity-informed selection ensures that each image is processed by the model best suited to its occlusion
severity, thereby improving classification performance across varying levels of object visibility.

5 Experimental Setup

This section outlines the experimental setup used to evaluate the proposed method. We describe model
architectures, and training configurations employed throughout our experiments. Furthermore, we detail the
evaluation metrics used to assess the effectiveness of our approach in improving classification robustness under
occlusion.
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5.1 Classifier architecture and training scheme

For all experiments, we employ the same fine-grained classification model to ensure comparability across
different conditions. The classifier consists of a DINQOv2 feature extractor based on a pretrained Vision Trans-
former (ViT-B/14), combined with a multilayer perceptron (MLP) head. We will refer to this model as the
DINOv2-MLP classifier throughout this thesis.

The MLP head receives the 768-dimensional feature embeddings from the DINOv2 backbone and consists
of a single hidden layer with 512 units, followed by a ReLU activation and a dropout layer (p = 0.2) to reduce
overfitting. The hidden representation is then projected to the number of classes via a fully connected output
layer:

h(z) = Linearzgs—512 — ReLU — Dropout(0.2) — Linearsia—c (16)

where C'is the number of classification categories.

Fine-tuning strategy The fine-tuning procedure is structured in stages to gradually adapt the pretrained
backbone while preventing catastrophic forgetting [6]:

— Epochs 1-5: Only the MLP head is trained, while the DINOv2 backbone remains frozen.
— Epochs 6-15: The MLP head and the last three layers of the DINOv2 backbone are trained jointly.
— Epochs 16—-20: The entire network, including all layers of DINOv2, is fine-tuned.

Depending on the experiment, the classifier is fine-tuned on images with different occlusion types (e.g.,
gray occlusions or textured occlusions such as vegetation). The exact fine-tuning configuration used will be
specified. We

Optimization We use the Adam optimizer throughout training. Separate learning rates are applied to the
backbone and the MLP head: a learning rate of 5 x 107> is used for the DINOv2 parameters, and 5 x 1073
for the MLP parameters.

5.2 AnomalyDINO Parameters

We use AnomalyDINO to generate anomaly maps. It uses a memory bank of non-anomalous (unoccluded)
reference images. The primary parameter in the AnomalyDINO method is the size of the memory bank, which
specifies the number of reference images used to construct the patch feature bank M. A larger memory bank
provides more diverse reference patches, potentially improving anomaly detection, while a smaller memory
bank reduces memory requirements and computational cost. In our implementation, we construct the memory
bank by sampling k reference images per class. The impact of the choice of k& on occlusion segmentation
performance is evaluated and discussed in the Results section.

5.3 Evaluation metrics

Occlusion robustness We want to know how well a classifier performs under occlusion. To quantify this,
we measure the classifier's accuracy under increasing levels of occlusion and summarize it using the Area Under
the Curve (AUC). This metric captures how well the classifier maintains performance as occlusion increases:
higher values indicate better overall robustness.

Let po,p1, ..., pn denote the discrete occlusion levels applied to the input images, and let Acc(p;) be the
classification accuracy at occlusion level p;. The Area Under the Curve (AUC) of the accuracy-under-occlusion
curve, using a trapezoidal approximation over the discrete steps, is defined as:

n—1
_ 1 Ace(pi) + Acc(pis1)
AUChee = = 3 : . (17)

=0
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Saliency consistency under occlusion To assess how robust the classifier is under occlusion, we evaluate
the consistency of its saliency maps. We use EigenGradCAM to compute a saliency map Soec on occluded
images. Since we artificially control the occlusion, we also obtain the corresponding binary occlusion mask M.

For reference saliency, we first compute Scjean on the clean (unoccluded) image. By masking out occluded
regions, we obtain a ground-truth saliency target:

Sgt = Sclean . (1 - Mocc)~ (18)

Depending on the evaluation objective, we quantify the overlap of S, either with the ground-truth
saliency S (to measure preservation of relevant attention), or directly with the occlusion mask My (to
measure whether the model erroneously attends to occluded regions).

Given two normalized maps A, B € [0, 1], the overlap is defined as

N
1 , ,
Overlap(4, B) = N E min (A(Z), B(i))7 (19)
i=1

where i indexes pixels and NV is the total number of pixels. In our experiments, we report

Overlapgr = Overlap(Sgt, Socc), (20)
Overlapg.. = Overlap(Mocc, Socc)- (21)

Overlapgt measures the overlap between the saliency map on the clean image Sy and the saliency map
on the occluded image Socc. A higher value indicates that the model’s attention is stable under occlusion, i.e.,
it continues to focus on the same relevant regions as in the clean image. Overlapg.. measures the overlap
between the occlusion mask M, and the saliency map on the occluded image Socc. A lower value is better,
since it means the model avoids focusing on occluded (irrelevant) areas.

Segmentation performance For the occlusion segmentation task, we use threshold-independent metrics
that are widely used in binary segmentation. Specifically, we report the Receiver Operating Characteristic
(ROC) curve with its corresponding Area Under the Curve (AUROC), as well as the Precision—Recall (PR)
curve with its corresponding Average Precision (AP). These metrics evaluate segmentation performance across
all possible thresholds.

6 Results

In this section, we present the experimental results of our study. We begin by analyzing the impact of occlusion
on a fine-grained classification task. Next, we compare occlusion segmentation performance using Anomaly-
DINO and a baseline approach, and evaluate the effect of masking occluded regions in gray. We then explore
fine-tuning strategies to improve robustness to occlusion and estimate occlusion severity. Based on this esti-
mation, we select the best severity-informed model. Finally, we demonstrate the effectiveness of our approach
on a fine-grained classification task.

6.1 Impact of occlusion on fine-grained classification

Occlusion inherently removes information from an image, hiding object parts that are essential for accurate
predictions. However, visibility loss may not be the sole contributing factor. We hypothesize that textured
occlusions (such as vegetation, smoke, or rubble) do more than merely block the view: they can actively
distract the model. Their visual complexity may mislead the classifier, drawing attention toward the occluded
regions instead of the object itself.

In contrast, a neutral gray occlusion should introduce less distraction, offering a cleaner “absence” rather
than a competing visual signal. If this holds true, models may appear more robust when tested under gray
occlusions than under textured ones.
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Fig.7: Performance of a classifier trained only on clean images, evaluated under four occlu-
sion types. The figure shows accuracy across occlusion severities. Performance drops smoothly under
gray occlusion (gray) but more sharply for vegetation (green), smoke (blue), and rubble (brown), indi-
cating reduced robustness to textured occlusions. The AUC quantifies occlusion robustness, with gray
achieving the highest robustness compared to textured occlusions.

Performance under occlusion To test whether a classifier performs better under gray occlusion than
under textured occlusion, we fine-tune the DINOv2-MLP classifier on clean images only and evaluate its per-
formance under four distinct occlusion conditions: gray, vegetation, smoke, and rubble. Classification accuracy
is measured across varying occlusion severities, with results shown in Figure 7. The figure also reports the
corresponding AUC,. values, providing a compact view of performance degradation under each occlusion
type.

As anticipated, the classifier achieves its highest performance under gray occlusion (gray), while textured
occlusions cause a more pronounced drop in accuracy. This aligns with our expectation that uniform gray
occlusion would be less disruptive, as it removes information without introducing additional visual distractions.
In contrast, textured occlusions, such as vegetation or rubble, appear to mislead the model, diverting attention
away from the visible object regions. Building on these findings, we next examine where the model directs
its attention under occlusion, focusing on whether textured occlusions induce shifts in attention compared to
uniform gray occlusions.

Analyzing classifier attention To analyze the classifier's attention under occlusion, we compare its focus
on gray and textured occluded images. We hypothesize that the classifier struggles to maintain attention on the
object. Particularly under textured occlusions, and to a lesser extent under gray ones—sometimes redirecting
focus toward the occluded regions themselves. To visualize these effects, we employ EigenGrad-CAM? on the
final layer of the DINOv2 feature extractor, which captures high-level semantic representations. For both clean
and occluded images, we generate saliency maps, using those from the clean images as a reference baseline.

To quantify how much the classifier’s attention drifts, we compute two saliency overlap scores. We use the
overlap metric as defined in Section 5.3. We report two types of saliency overlap:

(i) Overlapgy: the overlap between the clean-image saliency Sg; and occluded-image saliency Socc, measuring

attention consistency; and
(i) Overlapge: the overlap between Socc and the occlusion mask Myc., measuring how much attention leaks

into occluded regions.

3 Implemented using the pytorch-grad-canm library [7].
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To summarize these effects across occlusion severities, we integrate the overlap scores over all tested levels,
resulting in the AUC of each overlap metric.

To summarize the effects across different occlusion severities, we aggregate the saliency-overlap scores
computed at p € {0,10,20,...,100} into a single statistic: the area under the Overlap at p curve (AUC),
giving a single AUC value per overlap metric. Intuitively, a larger AUC indicates that, across occlusion levels,
the model achieves more saliency overlap. Whereas a smaller AUC reflects less saliency overlap.

Occlusion type AUC

Overlapg (1) Overlapg.. (1)

Gray 30.33+2.27 37.45+2.38
Vegetation 25.43+2.01 47.52+1.93
Smoke 28.03+2.04 41.37+2.50
Rubble 26.42+1.87 47.20+1.93

Table 1: Saliency overlap with respect to ground truth saliency (GT) and occluded regions
(Occ). Higher Overlapgr and lower Overlapg,, indicate better performance. For each metric we highlight
the best result in bold. Gray occlusions yield the best results, with consistently higher Overlapgr and
lower Overlapg,., whereas textured occlusions (e.g., vegetation, smoke, rubble) exhibit lower consistency
and greater attention leakage into occluded regions.

We report the saliency overlap metrics Overlapgt and Overlapg . in Table 1. As expected, the saliency
overlap metric reveal the following: gray occlusions preserve attention alignment with clean-image saliency maps
better than textured occlusions. The classifier's focus under gray occlusion remains close to the object, showing
higher Overlapgt and lower Overlapg,.. Interestingly, smoke occlusions behave somewhat in between—being
textured, but less structured—yielding moderate distraction compared to vegetation or rubble.

We report the saliency overlap metrics Overlapgr and Overlapg.. in Table 1. As expected, these results
reveal clear differences in how occlusion type affects the classifier's attention. Under gray occlusion, the
model maintains a strong alignment with its clean-image saliency, reflected in a higher Overlapgt and a lower
Overlapg- This indicates that the classifier's focus remains close to the visible object regions, with minimal
attention shift into the occluded parts of the image.

In contrast, textured occlusions such as vegetation or rubble lead to a lower Overlapgt and a significantly
higher Overlapg., showing that the classifier's attention is more easily drawn into the occluded areas. Interest-
ingly, smoke occlusions behave somewhat in between, being textured yet less visually detailed than vegetation
or rubble, which results in only moderate distraction of the classifier’s attention.

Examples of saliency maps To qualitatively demonstrate the attention of a classifier under different
types of occlusion, we present examples of saliency maps on 5 occluded images in Figure 8. Note that for each
image, the shape of the occlusion remains the same, only the type of the occlusion is changed. The first two
columns show the clean, non-occluded image and the corresponding saliency map produced by the classifier.
The remaining four columns depict the classifier's saliency under the four occlusion types. Empirically, and
as expected, the saliency under gray occlusion (third column) remains concentrated on the still-visible parts
of the object, with minimal shift into the occluded regions. In contrast, the last three columns reveal that
the classifier increasingly struggles to maintain focus on the visible object areas when textured occlusions
are introduced. This effect is particularly apparent for vegetation (fifth column) and rubble (seventh column)
occlusions, where attention sometimes even drifts into the occluded regions.

6.2 Occlusion-agnostic segmentation

Having established how different occlusion types influence not only how much but also where the classifier
attends under visual disturbance, we next turn to the question of where the occlusion actually lies. The goal
is to localize occluded regions in an image without making any assumptions about what type of occluder is
present. To this end, we employ AnomalyDINQ, we use its generated anomaly maps to obtain occlusion
segmentations. In doing so, we aim to determine whether occlusions can be detected in a fully occlusion-
agnostic manner.
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Fig.8: Qualitative visualization of saliency under different occlusion types. The first column
shows the original (unoccluded) images, and the second column displays their corresponding saliency
maps. The occlusion mask applied to each row is shown in column 3 and remains the same across all
occlusion types. Columns 4-7 present the occluded images: gray, vegetation, smoke, and rubble. Each
is overlaid with its respective saliency map. Compared to gray occlusion, textured occlusions induce
clear saliency shifts into the occluding regions, indicating that the model’s attention is drawn toward the
occluder rather than the object.

Segmentation baseline As a segmentation baseline, we use OVSeg [16], a recent open-vocabulary seg-
mentation model that combines visual features with text embeddings from large-scale vision—language models.
This enables OVSeg to produce segmentation masks for arbitrary textual prompts rather than being limited
to a predefined label set. We exploit this flexibility to inject occlusion-specific information by prompting the
model with occlusion-related terms (e.g., "vegetation”, “smoke”). In doing so, OVSeg can identify regions cor-
responding to potential occluders without requiring any additional training. We employ OVSeg in a zero-shot
setting using pretrained weights?.

From anomaly map to occlusion segmentation Unlike conventional supervised segmentation methods,
AnomalyDINO operates without explicit labels or occlusion-specific training. Instead, it detects outlier patches
by comparing each patch's representation to a memory bank of non-anomalous patches. AnomalyDINO is
inherently occlusion-agnostic: it is not trained to recognize any particular type of occluder but rather to
identify irregularities that deviate from normal object appearance. Patches that diverge strongly from the
memory bank receive high anomaly scores, which we interpret as indicators of occlusion. In essence, instead

4 OVSeg weights: ovseg_swinbase_vitL14_ft_mpt.pth
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of learning the visual characteristics of each occluder, AnomalyDINO highlights regions that do not conform
to the expected object structure, thereby remaining robust across diverse occlusion types.

For AnomalyDINO, we build a memory bank of representative, non-occluded embeddings to serve as
references during inference. For each of the 29 classes, we compute the class centroid in embedding space
and populate the memory bank with the % training images closest to this centroid. Experiments detailed in
Appendix A show that performance saturates already at & = 1, meaning that a single reference image per
class is sufficient. Hence, all reported results use k = 1.

Vegetation Smoke Rubble
Method
ere mAUROC ~ mAP  mAUROC  mAP mAUROC mAP
20% Occluded
AnomalyDINO 92.29+2.00 70.53+8.10 92.39+1.83 71.20+8.64 88.03+2.48 59.2448.25
OVSeg (prompt: “vegetation”) 79.29413.38 65.46+15.04 44.10+5.81  20.58+1.08  50.804+4.90  25.47+9.44
OVSeg (prompt: “smoke”) 45.51+3.99  20.96+1.29 59.54410.37 34.67+15.48 48.88+6.27  23.01+5.18
40% Occluded
AnomalyDINO 88.73+4.10 79.27+8.15 88.72+4.17 81.27+6.21 85.09+5.26 74.92+7.77
OVSeg (prompt: “vegetation”) 82.11411.20 75.61414.14 49.47+7.89  42.5246.61  47.854+5.84  42.22+3.72
OVSeg (prompt: “smoke”) 41.78+7.02  40.66+2.07 60.07+£11.46 51.2349.33  48.43+9.42  44.12+6.57
60% Occluded
AnomalyDINO 83.83+7.18 86.74+6.41 82.54+4.78 84.69+4.58 80.39+5.10 80.99+4.65
OVSeg (prompt: “vegetation”) 73.24412.35 77.27410.36 49.07+11.53 62.29+6.82  49.394+6.48  61.78+3.59
OVSeg (prompt: “smoke”) 42.9445.48 59.34+1.76  63.234829  67.4245.86  44.34+8.12  60.31+3.57
80% Occluded
AnomalyDINO 60.16+£10.10 90.05+4.40 66.68+9.49 88.57+3.92 67.42+10.84 87.32+4.12
OVSeg (prompt: “vegetation”) 73.40+8.39 88.17+4.38 53.79+13.03 80.84+3.59  52.94+12.51  80.85+3.31
OVSeg (prompt: “smoke”) 41.46+5.91  79.14+1.25  56.66+7.10 81.75+£3.20  46.48+7.30  80.07+2.35

Table 2: Mean AUROC (mAUROC) and mean Average Precision (mAP) across
occlusion severities, for three segmentation methods. Each column group corresponds
to an occlusion type (vegetation, smoke, rubble), and each row group represents an occlu-
sion level. For each metric-occlusion type pair, the best result is shown in bold. Scores
where OVSeg is evaluated on the same occlusion type it was prompted with are underlined. Notably,
AnomalyDINO achieves the highest segmentation performance across nearly all occlusion types and
severities. While OVSeg performs reasonably well when prompted with “vegetation,” it shows poor gen-
eralization to non-prompted occlusion types.

Quantitative occlusion segmentation results We evaluate occlusion segmentation under three types
of occluders: vegetation, smoke, and rubble. We have the corresponding ground-truth occlusion mask, this
allows for pixel-wise computation of the Area Under the Receiver Operating Characteristic (AUROC)
and Average Precision (AP). AnomalyDINO outputs pixel-level anomaly scores derived from patch distances,
while OVSeg produces pixel-level probabilities. Both are used directly to compute AUROC and AP without
applying any thresholding.

Table 2 reports the performance of segmenting the occlusion with, respectively: AnomalyDINO, OVSeg
when prompted with “vegetation”, and OVSeg when prompted with “smoke”. For each method we present the
mean AUROC (mAUROC) and mean Average Precision (mAP) achieved on image occluded with textured
occlusion types vegetation, smoke, and rubble, for occlusion severities of 20%, 40%, 60%, and 80%. In both
metrics, higher values indicate better segmentation performance. When comparing methods, AnomalyDINO
consistently achieves the highest scores across all occlusion types and severities. As expected, it successfully
segments occluded regions regardless of the specific occluder present, confirming its occlusion-agnostic design.
Notably, AnomalyDINO's performance does drop (in terms of mAUROC) as occlusion severity increases.
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In contrast, OVSeg performs well only when explicitly prompted with the correct occludesion type. For
instance, when prompted with “vegetation”, it segments vegetation occlusions reasonably well, but fails to
generalize to other textures such as smoke and rubble. A similar pattern is observed when OVSeg is prompted
with “smoke”: performance is confined to that occlusion type, while other occlusion types remain poorly
segmented. Remarkably, AnomalyDINO even surpasses OVSeg on the very occlusion types for which OVSeg
was explicitly prompted, highlighting the robustness of its anomaly-based segmentation approach.

Qualitative examples of occlusion segmentation We present qualitative examples of occlusion seg-
mentation for each method at 40% occlusion in Figure 9. The predicted segmentations are overlaid on the
images using an opaque yellow mask. Each row corresponds to a different occlusion type (vegetation, smoke,
and rubble), while the third, fourth and fifth columns represent: AnomalyDINO, OVSeg prompted with
“vegetation”, and OVSeg prompted with “smoke".

From these examples, it can be observed that OVSeg performs well only when prompted with the same
occlusion type present in the image. For instance, when prompted with “vegetation”, OVSeg successfully
segments the vegetation occlusion (first row, fourth column 4), but fails to generalize to other occlusion types.
In contrast, AnomalyDINO generalizes effectively across all occlusion types, producing consistent and accurate
segmentations overall, though it slightly undersegments the rubble occlusion (bottom row). For simplicity, we
applied a fixed threshold of 7 = 0.5 to the anomaly maps; some missed occluded regions may therefore be
attributed to this sub-optimal threshold choice.

6.3 Masking occlusion segmentation with gray

Having established that occlusions can be segmented in an occlusion-agnostic manner using AnomalyDINO,
we now turn to a more practical question: how can this segmentation knowledge be leveraged to improve
classification under occlusion? In particular, we are interested in understanding whether removing the occlusion
texture itself can benefit the classifier. Importantly, pixels within the segmented occluded regions are replaced
with a neutral gray. By doing so, we effectively suppress the distracting visual patterns introduced by the
occluder. We want to investigate whether reducing such visual distraction helps the classifier maintain better
classification performance under increasing occlusion.

Evaluating performance To test this, we obtain occlusion segmentations by thresholding the continuous
anomaly maps at 7 = 0.5. During inference, we preprocess the test images by replacing the segmented regions
with a uniform gray. ensuring that the test samples resemble the gray-occluded images the model was trained
on. The underlying intuition is that by converting any occlusion into a uniform, textureless region, the model
is no longer tempted to overfit to the appearance of specific occluders, but instead learns to handle occlusions
in a consistent, appearance-agnostic manner.

For evaluation, we compare two variants of the DINOv2-MLP classifier:

1. a gray-trained model, fine-tuned on gray-occluded images, where gray masking of the occlusion is per-
formed; and
2. a vegetation-trained model, fine-tuned on vegetation-occluded images, without gray masking.

We expect the gray-trained + gray masking configuration to achieve the best performance across all oc-
clusion types. This is partly because masking the occluded regions with gray reduces the visual distraction
introduced by textured occlusions. Additionally, since this model was trained on gray-occluded images and
evaluated on similarly gray-masked images (where the segmented occlusions are replaced with uniform gray),
the occluding conditions during testing closely match those seen during training. In contrast, we expect the
vegetation-trained model to perform well on vegetation-occluded images but to show reduced performance
on smoke and rubble occlusions.

In all experiments, the occlusion severity level p is assumed to be known, and both training and evaluation
are performed at the same p% occlusion level.

Figure 10a presents the evaluation results for different occlusion types, shown from left to right for veg-
etation-, smoke-, and rubble-occluded images. Under all occlusion types, and across occlusion severities, the
gray-trained model (gray) performs consistently. It achieves its highest accuracy on smoke occlusions, a texture
that is visually similar to the neutral gray regions seen during training. The vegetation-trained model (green)
shows limited cross-texture robustness, with modest gains on smoke and rubble, but still falls short of the gray-
trained model’s overall performance. Notably, fine-tuning on vegetation-occluded images (green) also achieves
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Fig.9: Qualitative comparison of occlusion segmentation at 40% occlusion severity. Predicted
segmentations are overlaid on the input images using opaque yellow. Each row corresponds to a different
occlusion type (vegetation, smoke, and rubble), while the third, fourth, and fifth columns show results from
AnomalyDINO, OVSeg prompted with “vegetation”, and OV Seg prompted with “smoke”, respectively.
When prompted with “vegetation”, OVSeg segments vegetation occlusion reasonably well but fails to
generalize to other occlusion types. Segmenting smoke occlusion also appears challenging for OVSeg,
even when it is prompted with “smoke”. In contrast, AnomalyDINO produces consistent and accurate
segmentations across all occlusion types, demonstrating strong generalization without occlusion-specific
prompting.
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sub-optimal performance on low- or non-occluded images. These results indicate that the gray-trained +
gray masking configuration yields better and more generalizable performance across diverse occlusion types
than fine-tuning on a single, texture-specific occlusion.

Evaluated on Vegetation occluded images Evaluated on Smoke occluded images Evaluated on Rubble occluded images
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(a) Performance of different model configurations under various occlusion types. From left to right,
the plots show evaluation results on wvegetation-, smoke-, and rubble-occluded images. Each plot compares the
performance of two model configurations: the gray-trained + gray masking model and the vegetation-
trained model.
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(b) AUC,.c scores across occlusion types and model configurations. The heatmap presents the corre-
sponding AUC,.. values for the experiments shown in Figure 10a, with rows representing model configurations
and columns denoting occlusion types (vegetation, smoke, rubble).

Fig. 10: Evaluation of a gray-trained model (with gray masking applied at evaluation) and a
vegetation-trained model (without gray masking) under different occlusion types. The gray-
trained + gray masking configuration achieves consistently higher AUC,.. values across all occlusion
types, while the vegetation-trained configuration attains comparable but slightly lower AUC,.. on
vegetation occlusions and performs notably worse on smoke and rubble.

Complementary results in Figure 10b summarizes AUC,. scores for each model-occlusion combination.
The gray-trained + gray masking configuration achieves uniformly higher AUC,. values across all occlusion
types, while the vegetation-trained configuration attains comparable but slightly lower AUC,.. on vegetation
occlusions and performs notably worse on smoke and rubble. These findings indicate that gray masking provides
a more robust and generalizable strategy for handling diverse occlusion textures.

Benefits of gray masking As expected, masking occlusions with a neutral gray tone effectively suppresses
the misleading visual cues introduced by textured occlusions. The robustness of the gray-trained model can,
in part, be attributed to this setup: the model is trained on gray-occluded images and evaluated on similarly
gray-masked images, where the segmented occluded regions are replaced with uniform gray. This consistency
between training and evaluation conditions allows the model to generalize more effectively across diverse
occlusion types.
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The gray masking strategy hinges on a threshold 7 applied to the continuous anomaly maps produced
by AnomalyDINO. As of now, we stuck to a threshold of 7 = 0.5, but a different threshold value might be
beneficial. This threshold 7 controls how aggressively the occlusion is masked: a low 7 yields extensive masking,
while a high 7 results in a more conservative approach. Here, we explore the delicate balance between masking
enough to cover all occluded regions (maximizing true positives) and preserving unoccluded areas (minimizing
false positives).

Testing different levels of gray masking To further understand the impact of gray masking, we inves-
tigate how the amount of masking influences classification performance. In particular, we explore the effects
of masking either too much or too little of the occluded regions. To this end, we generate anomaly maps for
images with textured occlusions ranging from 0% to 100% severity. Gray masking is then applied by thresh-
olding the corresponding anomaly maps at fixed values 7 € {0.1,0.2,...,0.9}, where the regions exceeding
the threshold are replaced with a neutral gray tone.

Each of the resulting masked images is evaluated using the same gray-trained DINOv2-MLP classifier as
in the previous experiments, again under the assumption that the occlusion severity level is known. In addition
to these fixed thresholds, we also compute a dynamic threshold 7o, using Otsu’s method, which adaptively
determines 7 based on the distribution of anomaly intensities within each image. This approach allows us to
assess whether a data-driven threshold can automatically approximate an optimal masking level for improved
classification under occlusion.
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Fig. 11: Effect of occlusion severity and masking threshold on classification performance.
Top-1 accuracy is shown as a heatmap, with yellow indicating higher accuracy and blue indicating lower
accuracy. The vertical axis denotes the masking threshold 7: lower values apply stronger gray masking,
while higher values retain more of the original image. The black line indicates the optimal threshold 7*
for each occlusion severity, and the red line shows the automatically selected threshold 7ots,. The optimal
masking level varies with occlusion severity, with Otsu’s method providing a close approximation.

Figure 11 visualizes how classification performance varies with occlusion severity and the degree of gray
masking. The plot shows a heatmap of top-1 accuracy, where yellow indicates higher accuracy and blue
indicates lower accuracy. The vertical axis represents the masking threshold 7, where lower values correspond
to stronger gray masking and higher values leave more of the original image visible. The black line denotes
the optimal threshold 7* that maximizes performance for each occlusion severity, while the red line indicates
the threshold 705, automatically selected by Otsu’s method. Together, these results highlight how the optimal
level of masking shifts with occlusion severity.

Several trends stand out:
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— Overmasking (low 7) has little impact when occlusion severity is low but becomes increasingly detrimental
as a larger portion of the image is occluded. Intuitively, at low occlusion levels, most of the object remains
visible, so aggressive masking removes little information and does not significantly degrade performance.

— Consequently, undermasking (high 7) is generally preferable to overmasking the occlusion, as it is better
to leave some occluded regions unmasked than to wrongly mask visible parts of the object.

— The optimal threshold 7* increases with occlusion severity, suggesting that as less of the object remains
visible, the model benefits from more conservative masking that preserves the still visible regions. More
conservative masking at higher occlusion severity helps preserve the limited visible parts of the object,
leading to improved accuracy.

— The threshold Tos,, set by Otsu’s method, tracks the optimal threshold remarkably well from roughly
20% occlusion onwards, indicating that it can automatically identify a near-optimal masking level without
manual tuning. At lower occlusion severities (below 20%), aggressive masking is less harmful, as most of
the object remains visible and performance is relatively insensitive to the exact masking threshold.

— At 0% occlusion, however, Otsu may overestimate the masked region (by setting a low Tos,), slightly
hurting performance in the fully-visible case.

This analysis highlights that while the threshold 7 is a sensitive hyperparameter, it can be effectively
managed through adaptive selection. The fact that Otsu’'s method performs near-optimally across most oc-
clusion severities is a useful property. This means gray masking can be applied in practice without requiring a
per-severity tuning.

6.4 Fine-tuning for occlusion robustness

A common strategy to improve a model’s robustness to occlusion is to fine-tune it on occluded images.
However, this requires choosing a specific occlusion severity (or range of severities) to apply to the training
data. Fine-tuning on occluded images is non-trivial, as a model optimized for one occlusion level may perform
poorly at others. We expect this to occur because models adapt to the occlusion distribution they encounter
during training. In other words, a model trained primarily on lightly occluded images may fail to generalize
under heavy occlusion, while one trained on severely occluded inputs may underperform on unoccluded data.

Evaluating fine-tuning strategies We hypothesize that training on a dataset with low occlusion severity
(i.e., where only a small portion of the image is masked) will lead to poor performance on highly occluded
test images, and vice versa. To test this hypothesis, we fine-tune four instances of the DINOv2-MLP classifier
on datasets with applied gray occlusions. Each model is trained under a distinct occlusion severity distribution
and evaluated across all test-time occlusion levels ranging from 0% to 100%. Images are occluded with gray,
both during training and testing, to simulate idealized occlusion. This ensures removing visual information
without introducing additional texture or color artifacts.

We consider four training configurations that differ in the range of occlusion severities used during fine-
tuning. Each configuration is trained on either a fixed occlusion severity or a uniformly sampled range of
severities. This setup allows us to systematically compare two key factors: (i) the influence of training on low
versus high occlusion levels, and (ii) the effect of limited versus broad training exposure, in terms of their
impact on classification performance across the full range of occlusion severities. The training configurations
are as follows:

Narrow-range (0-20%): trained on images with occlusion levels uniformly sampled between 0% and
20%.

Wide-range (0-80%): trained on images with occlusion levels uniformly sampled between 0% and 80%.
Fixed (20%): trained on images with a constant 20% occlusion.

— Fixed (80%): trained on images with a constant 80% occlusion.

Effects of fine-tuning strategies Figure 12 shows the performance of the four configurations, evaluated
across all occlusion levels from 0% to 100%. Models trained on low occlusion levels, Narrow-range (blue) and
Fixed 20% (red) achieve high accuracy on clean or lightly occluded images but degrade rapidly as occlusion
increases. Conversely, the Fixed 80% ( ) model performs best under severe occlusion but underperforms
on low-occlusion and clean inputs, indicating that fine-tuning under heavily occluded images does not generalize
to lower occluded images. The Wide-range (0-80%) (green) configuration maintains relatively stable accuracy
across all severities, performing optimally under high occlusion and only slightly sub-optimally at low occlusion
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levels. This suggests that training across a broad range of occlusions yields greater robustness overall but
sacrifices some peak accuracy under ideal (unoccluded) conditions.

Overall, models tend to specialize in the occlusion regime they are trained on. Low-occlusion trained models
quickly lose accuracy as occlusion increases, while high-occlusion trained models fail to achieve satisfactory
performance on non-occluded data. This confirms that fine-tuning for occlusion robustness is inherently non-
trivial: we cannot simply train on a single occlusion severity and expect generalization across the full spectrum.
The optimal robustness for a given occlusion level depends strongly on the severity distribution seen during
training.

For completeness, a full matrix of fine-tuning and evaluation combinations, denoted (piest, Ptrain), Where
Ptrain IS the training occlusion level and pies: the test occlusion level—is included in Appendix C. This matrix
confirms the same trend: performance peaks along the diagonal where training and test occlusion severities

align.
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Fig. 12: Performance of different fine-tuning configurations across occlusion levels. Models
trained on low occlusion levels, Narrow-range (blue) and Fized 20% (red), perform well on clean or
lightly occluded images but degrade as occlusion increases. The Fized 80% ( ) model performs
better under heavy occlusion but poorly on clean inputs, showing limited generalization. The Wide-range
(0-80%) (green) configuration achieves the most balanced performance, maintaining stable accuracy
across severities and demonstrating improved robustness at the cost of slightly reduced peak accuracy on

unoccluded images.

Severity-informed evaluation This raises an important question: if the occlusion severity of a test image
is known beforehand, could we improve performance by selecting the model that performs best under that
severity?

Performance is generally highest when the fine-tuning occlusion severity matches the test severity, when
Ptrain = Drest- In a few cases, particularly for range-trained models, slightly higher accuracy is achieved by
selecting a neighboring model. For instance, when evaluating on 0% occlusion, the model trained on the 0
— 20% range slightly outperforms the model trained on clean data, indicating a mild regularization effect
from a little exposure to occlusion. Since optimal performance typically lies close to the diagonal, we adopt
Ptrain = Prest @S a practical simplification.

Figure 13 shows, for each test occlusion level p, the peak top-1 accuracy achieved by models fine-tuned on
(left) a fixed p% occlusion and (right) a range of occlusions from 0 — p%. Both settings represent an oracle
scenario in which the training occlusion distribution matches the test condition. Across all occlusion severities,



24 K. Gijzen, et al.

models fine-tuned on fixed p% occlusions and those trained on the range 0 — p% achieve nearly identical
peak accuracy. However, the range-trained models exhibit more consistent performance across neighboring
occlusion levels, reflected by a slightly higher mean accuracy and smaller standard deviation when averaged
across models at each occlusion percentage. This indicates that training over a range of occlusions provides
a mild regularization effect, leading to smoother and more stable generalization without compromising peak
performance.

If the occlusion severity could be estimated at inference time, one could select the corresponding model
fine-tuned for that level, a strategy we will refer to as severity-informed evaluation. In summary, models fine-
tuned on a single occlusion severity become specialized to that specific level, whereas models trained across a
range of occlusions (e.g., 0 — 80%) retain similar peak performance at high occlusion but generalize better to
lower severities, resulting in more consistent robustness across occlusion conditions.

Finetuned on Finetuned on
constant occlusion severity range of occlusion severities
1007 r
~ 80
S
>
g 60f
=
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< 40 b
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H 20 .
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% 20 40 60 80 100 0 20 40 60 80 100
Evaluated on occlusion severity (%) Evaluated on occlusion severity (%)
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Fig. 13: Effect of fine-tuning on different occlusion severity distributions. For each test occlusion
level p, the plots show the peak top-1 accuracy of models fine-tuned on (left) a fixed p% occlusion and
(right) a range of occlusions from 0-p%. Both settings represent oracle conditions where the training
occlusion distribution matches the test scenario. Across all occlusion levels, models fine-tuned on fixed
p% occlusions and those trained on the 0-p% range reach similar peak accuracy. Range-trained models,
however, exhibit smoother performance across neighboring severities, with slightly higher mean accuracy
and lower variance. This indicates that training over a range of occlusions acts as a mild regularizer,
improving stability without sacrificing peak performance.

6.5 Severity-informed model selection

Previous experiments showed that no single model can be fine-tuned to perform optimally across all occlusion
severities. Fine-tuning on images with a fixed occlusion level biases the model toward that specific condition,
reducing its ability to generalize across different occlusion severities. Models trained on lightly occluded data
perform poorly under heavy occlusion, while those fine-tuned on heavily occluded data struggle on clean or
lightly occluded images.

Therefore, we explore whether model selection based on the estimated occlusion severity is a feasible
alternative. Before such a strategy can be implemented, however, it is essential to determine whether occlusion
severity can be reliably estimated from the anomaly maps produced by AnomalyDINO. These maps not only
localize occluded regions but also encode pixel-wise anomaly intensities—a property that may be key to
quantifying the extent of occlusion within an image.

If the magnitude of these anomaly values scales consistently with occlusion severity, then the anomaly maps
could serve as a practical basis for estimating how severely an image is occluded, thereby enabling informed
model selection at inference time.
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Estimating occlusion severity We evaluated three strategies for estimating the occlusion severity § of
test images affected by textured occlusions (vegetation, smoke, and rubble). For each image, we first apply
the textured occlusion, generate the corresponding anomaly map using AnomalyDINO, and then use this map
to estimate the occlusion severity. While many formulations for such an estimation are possible, we focus on
the following three:

— 38mean (green), the mean anomaly score across the entire anomaly map;
— 87—0.6 (red), the proportion of pixels exceeding a fixed threshold 7, here set to 0.6;
— 3otsu (blue), the proportion of pixels exceeding an adaptive threshold set by Otsu’s method.

100 .

80r 7

Predicted occlusion severity (%)

20¢ 7

0 20 40 60 80 100
Actual occlusion severity (%)

Method of severity estimation

Smean: Mean of continous S0tsu: Mean of anomaly map
anomaly map thresholded with Otsu’s method
$:—06: Mean of thresholded — ----- Ground truth

anomaly map at 7= 0.6

Fig. 14: Estimated versus actual occlusion severity. Estimated occlusion severity is shown for each
ground-truth level. The mean anomaly score (green) overestimates severity at low occlusion and under-
estimates it at high occlusion. The proportion of pixels exceeding a threshold at 7 = 0.6 (red) yields
accurate estimates that closely match the ground truth, while the Otsu-based estimator (blue) consis-
tently overestimates severity.

Figure 14 reports the estimated occlusion severity § for each actual occlusion level. Taking the mean of
the anomaly map (green) systematically overestimates severity at low occlusion and underestimates it at high
occlusion. This suggests a nonlinear relationship between occlusion severity and mean anomaly score. As the
occlusion severity increases, the mean anomaly score saturates and no longer scales proportionally, leading
to an underestimation of the true occlusion severity. In contrast, thresholding the anomaly map at 7 = 0.6
(red) yields remarkably accurate estimates across all levels, aligning closely with the ground truth. Finally, the
Otsu-based estimator (blue) consistently overestimates the true severity, as it is sensitive to local anomaly
score fluctuations. This tends to select a threshold that classifies too much of the image as occluded.

Selecting a model Estimating occlusion severity directly from anomaly maps appears to be a feasible
approach, particularly when using a simple fixed-threshold strategy (by thresholding at 7 = 0.6). However,
an important question remains: does this estimated severity meaningfully help in selecting the most suitable
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model for a given image? Ultimately, the goal is not just to estimate occlusion accurately, but to improve
classification performance under occluded conditions. An accurate severity estimate is therefore only valuable
if it leads to better recognition results in practice.

In previous experiments, we observed that models trained on images with a fixed occlusion severity p%
behave differently from models trained on a range of occlusion severities 0 — p% when evaluated on out-of-
distribution occlusion levels. To investigate this further, we compare two model selection strategies based on
distinct training pools.

The first pool consists of models, each trained on images occluded with a fixed occlusion percentage p%.
The second pool contains models trained on images with a range of occlusion severities from 0% up to p%.
the models in both pools are trained exclusively using gray occluded images.

For severity-informed model selection, we assign each test image to the model corresponding to its estimated
occlusion severity 5. We then evaluate this choice by mapping § to the performance that the selected model
achieved on the true occlusion severity s, as documented in Appendix C.

Selecting from models trained Selecting from models trained
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Smean: Mean of continous Sr—0.6: Mean of thresholded Sotsu: Mean of anomaly map
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Fig. 15: Classification performance achieved through severity-informed model selection. The
plots show the resulting classification performance when evaluating with models selected based on esti-
mated occlusion severity, using three different estimation methods. (Left) When models are selected from
a pool trained on fixed occlusion levels (p%), performance remains sub-optimal. Even with near-perfect
severity estimates (red), accuracy does not reach the upper bound, indicating that fixed-trained mod-
els are overly sensitive to small estimation errors and generalize poorly beyond their training severity.
(Right) When selecting from a pool of range-trained models—each trained across a broader span of
occlusion severities—performance is smoother and more consistent across estimation methods. Overall,
training across a range of occlusions enhances generalization, mitigates the impact of estimation errors,
and leads to more stable classification under varying occlusion conditions.

Severity-informed performance The performance of models selected using the three occlusion severity
estimation methods is reported in Figure 15. When selecting from the pool of models trained on fixed occlusion
severities (p%; left), performance remains sub-optimal. As previous experiments have shown, these models
perform best near their respective training occlusion level but degrade sharply when evaluated on out-of-
distribution severities. Contrary to our expectations, even when using near-perfect severity estimates (red
line), model selection fails to reach optimal performance. This suggests that models trained at fixed severities
are overly sensitive to small inaccuracies in the estimated occlusion severity.
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In contrast, selecting models from the 0 — p%-trained pool (right) results in smoother and more consistent
performance across all occlusion severities. This robustness is observed for all three estimation methods.
Notably, approaches that slightly overestimate occlusion severity, such as the mean of the raw anomaly map
(green) or the mean of the Otsu-thresholded anomaly map (blue), achieve performance nearly identical to that
obtained with almost perfectly accurate severity estimates (red).

This finding aligns with earlier observations that training on a broader range of occlusion severities improves
generalization to lower occlusion levels. Such broader training exposure likely compensates for minor estimation
errors during severity-informed model selection, resulting in more stable and reliable performance.

So which is best? In summary, estimating occlusion severity proves beneficial—but only when combined
with a sufficiently trained pool of models. Training on a range of occlusion severities (0—p%) yields consistently
reliable results, even when the severity estimates are not perfectly accurate. This indicates that robustness
arises less from the precision of the severity estimation and more from the diversity of training exposure. In
other words, slight imperfections in estimation are effectively absorbed by models trained across a broader
severity spectrum.

Therefore, selecting models from the 0—p%-trained pool is the preferred strategy, as it delivers the most
stable and consistent performance. Although estimating occlusion severity using the mean of the anomaly map
tends to slightly overestimate the true severity, its simplicity and reliability make it a practical choice for our
final experiment.

6.6 Evaluating OASIC

In previous experiments, we investigated two complementary strategies for improving robustness under occlu-
sion: gray masking and severity-informed model selection. Gray masking mitigates the visual distraction of
occluders and, when applied at inference time using the estimated occlusion map, ensures consistency between
training and testing conditions. Meanwhile, estimating occlusion severity allows to select the model fine-tuned
for the estimated occlusion level. Having demonstrated that both strategies improve performance individually,
we now evaluate their combined effect within our complete method, OASIC.

Evaluating performance across occlusion severities Gray masking is applied according to the retrieved
occlusion map, using Otsu's threshold 7ots,, which was previously shown to provide a near-optimal separation
between occluded and non-occluded regions. We therefore adopt this thresholding approach for the current
experiment. For estimating occlusion severity, earlier results indicated that performance is robust to moderate
estimation noise. Accordingly, we use Smnean, Which is the mean of the pixel-wise anomaly scores.

The following configurations are evaluated under progressively increasing occlusion severities:

— Red: performing gray masking combined with severity-informed model selection (i.e. our method,
OASIC);

Blue: performing gray masking with a fixed model trained on a broad occlusion severity range of 0—90%;
— Green: a model trained on images containing vegetation occlusion, where the training occlusion
severity matches the evaluation severity p%. We apply no gray masking;

Black: a baseline model trained exclusively on unoccluded images.We apply no gray masking.

All models are tested across three textured occlusion types: vegetation, smoke, and rubble. Figure 16 visual-
izes their performances as occlusion severity increases. In the plot, the second, third, and fourth configurations
serve as comparative baselines. The second configuration (blue), which applies gray masking but uses a single
fixed model, illustrates the added benefit of severity-informed model selection. The third configuration (green),
fine-tuned on vegetation-occluded images without gray masking, represents conventional training on a specific
occlusion type. The fourth configuration (black), trained only on unoccluded images without any occlusion
handling, provides a baseline to quantify the performance gains achieved by our occlusion-aware method.

Results and observations The results in Figure 16 reveal that our full method (red) consistently achieves
the highest performance across all occlusion severities. This trend is further supported by the quantitative
summary in Table 3, where using both gray masking and severity-informed model selection, attains the highest
maximum accuracy and AUC,.. among all evaluated methods. In terms of AUC,., our method improves
+6.36 over the vegetatation-train configuration (green), and +16.65 over the clean-train configuration (black).
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Fig. 16: Occlusion robustness comparison. Classification performance under increasing occlusion
severity is shown for our method (red), which combines gray masking with severity-informed model
selection, and three comparative configurations: gray masking with a fixed model (blue), a model trained
on vegetation occlusions (green), and a model trained only on unoccluded images (black). Gray masking
without severity-informed selection (blue) achieves comparable performance but performs slightly worse
on lightly occluded images. Across all occlusion levels, our method (red) consistently attains the highest
accuracy, demonstrating improved robustness to occlusion.

Method Max. Accuracy (%) AUCocc

Gray-masking /
Severity-informed model (red) 76.10+0.12 42.59:4.38

Gray-masking /
Fixed model (0-90%) (blue) 68.1042.03 41.784+4.59

Yegetation-trained 63.29+42.06 36.23+4.57
(no masking at eval.) (green)

Clean-trained
(no masking at eval.) (black) 70.24%4.41 25.944.58

Table 3: Quantitative occlusion robustness comparison. The table reports AUC,. values and
maximum accuracy for the four configurations shown in Figure 16. The best results for each metric are
highlighted in bold. Our method (red) achieves the highest AUC,.. and maximum accuracy, demonstrat-
ing superior robustness across occlusion severities.

Together, these results confirm that integrating gray masking with severity-informed model selection provides
a robust and reliable solution for handling variable occlusion levels.

Interestingly, the gray masking approach using a single model (blue) performs almost on par with the full
method once occlusion exceeds 40%. At lower occlusion levels (0-40%), however, its performance lags slightly
behind, indicating that severity-informed model selection is most beneficial when occlusion is moderate. This
suggests that at high occlusion levels, the distinction between models trained for different severities becomes
less relevant, likely because much of the visual information is already obscured.



OASIC: A General Framework for Occlusion-Agnostic and Severity-Informed Classification 29

Consistent with earlier experiments, the model trained on a specific occluder type (green) performs sub-
optimally when tested across different occlusion types. Moreover, it shows reduced performance on images
with little or no occlusion, highlighting the limited generalization of such specialized training.

Concluding In summary, combining gray masking with severity-informed model selection delivers the most
consistent and robust performance under occlusion. When optimal accuracy at low occlusion levels is critical, it
is beneficial to use the severity estimate to select the most suitable fine-tuned model. For applications requiring
broader robustness, particularly when heavy occlusions are common, a simpler approach using gray masking
with a single model trained across a wide severity range (e.g., 0-90%) is sufficient, though it comes with a
slight reduction in performance on lightly occluded images.

7 Discussion

This study set out to improve fine-grained image classification performance under occlusion. To achieve this,
we propose OASIC, a method that integrates occlusion-agnostic segmentation, gray masking, and severity-
informed model selection. The approach leverages pixel-wise likelihoods of occlusion to identify and neutralize
occluded regions by replacing them with a uniform gray mask, thereby suppressing distracting visual information
that could mislead the classifier. In addition, we fine-tune a pool of classification models and dynamically select
the most suitable one based on the estimated severity of occlusion.

7.1 Findings

RQ1 In what ways does occlusion impact the reliability of image classification systems, considering
both the reduction of observable object regions and the presence of distracting visual interference?

Occlusion was found to substantially affect the reliability of image classification. Both gray and textured
occlusions led to a reduction in classification accuracy; however, the impact of textured occlusion was notably
greater. This indicates that the degradation in performance cannot be attributed solely to the reduction of
visible object information. Instead, the visual characteristics of the occluding region itself appear to play a
critical role.

An analysis of model saliency using EigenGradCAM further supports this observation. When exposed to
textured occlusion, the classifier's attention was often diverted away from the remaining visible regions of
the object and toward the occluded areas. This suggests that the presence of complex or patterned occluders
introduces misleading visual cues that interfere with the model's ability to correctly interpret the scene.

In contrast, gray occlusion—Dbeing visually uniform and featureless—produced a smaller decline in accuracy.
This form of occlusion limited the available object information but did not introduce competing or distracting
features. As a result, the classifier maintained a more stable focus on the unobstructed parts of the object.
These findings highlight that the reliability of image classification under occlusion is not only a matter of
information loss but also of how visually distracting the occluding elements are.

RQ2: To what extent can AnomalyDINO provide reliable occlusion segmentation and severity esti-
mation?

AnomalyDINO demonstrated strong and consistent performance in both occlusion segmentation and severity
estimation tasks. Across all tested occlusion levels, it outperformed the baseline model (OVSeg, text-prompted
with the occlusion type). While OVSeg, when prompted with “vegetation”, showed reasonable segmentation
performance on vegetation occluded images, it failed to generalize to other occlusion types, highlighting its
dependence on prior knowledge of the occluder.

In contrast, AnomalyDINO operates in an occlusion-agnostic manner. It's approach is not to recognize
particular occluders but instead to detect irregularities that deviate from the expected appearance of objects.
This property enables it to identify occlusions of various kinds without explicit prior knowledge, providing a
clear advantage in terms of generalization.

Furthermore, occlusion severity can be reliably estimated AnomalyDINQO'’s anomaly maps, with near-perfect
results obtained by measuring the proportion of pixels exceeding 7 = 0.6. This estimation enables the selection
of severity-informed models, which outperform a single general model. Minor estimation errors were mitigated
through a pool of models fine-tuned across broad occlusion ranges, maintaining robust performance despite
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slight severity estimation inaccuracies.

RQ3 How can per-pixel occlusion likelihoods be integrated, through methods such as occlusion
masking or severity-guided model selection, to improve fine-grained classification performance under
occlusion?

Combining gray masking with severity-informed model selection offers a robust and reliable solution for han-
dling varying levels of occlusion. Quantitatively, our method improves AUC,.. by +6.36 compared to training
directly on occluded images and by +16.65 compared to fine-tuning on unoccluded images, demonstrating a
substantial gain in occlusion robustness.

Applying gray masking suppresses the distracting visual patterns introduced by occluders, while severity-
guided model selection enables to adapt to varying levels of information loss by selecting the most suitable
model for a given occlusion level.

Distracting textures from occluders were successfully mitigated using a pixel-wise occlusion likelihood map
derived from AnomalyDINO. Automatic adaptive thresholding of these maps using Otsu’s method performed
near-optimally, enabling gray masking to be applied without manual threshold tuning. This approach effectively
reduced interference from complex occlusion patterns while preserving the visible object regions.

Estimating occlusion severity also proved beneficial, but only when combined with a sufficiently trained
pool of models. Training across a range of occlusion severities (0—p%) produced consistent results, even when
severity estimates were not perfectly accurate. This indicates that robustness arises less from the precision
of the severity estimation itself and more from the diversity of exposure during training. In practice, small
estimation inaccuracies were effectively absorbed by selecting from a pool of models fine-tuned across a broad
severity spectrum.

7.2 Limitations

While the proposed anomaly-based segmentation approach proved effective, its performance remains dependent
on the quality of the generated anomaly maps. In scenes with highly heterogeneous textures, the anomaly
detection accuracy may degrade, potentially leading to less reliable occlusion segmentation. Moreover, severity
estimation assumes a linear relationship between pixel-wise anomaly score and visibility loss, which may not
always hold.

Another limitation concerns the granularity of severity estimation. The current approach estimates occlusion
severity across the full image, whereas a more informative measure would focus specifically on the object region.
Estimating the proportion of the object that is occluded, rather than the overall image area, would provide a
more accurate and semantically meaningful severity assessment.

Furthermore, while AnomalyDINO offers strong generalization across unknown occluders, its advantages
are most pronounced when the occlusion type is not known beforehand. In cases where the occluder is known, a
segmentation model trained specifically on that occlusion type (e.g., vegetation or fog) may achieve comparable
or even superior performance.

Finally, the optimal integration strategy depends on the target application. When high accuracy under low
occlusion levels is critical, leveraging severity estimates to select a fine-tuned model yields the best results.
However, for applications that prioritize robustness across a wide range of occlusions, a simpler approach—using
gray masking with a single model trained across a broad severity range (e.g., 0-90%)—is sufficient, albeit with
a modest reduction in performance for lightly occluded images.

7.3 Future work

The proposed framework offers potential for broader application beyond fine-grained recognition. Tasks where
partial visibility is common, such as autonomous navigation, visual surveillance, or medical imaging under
obstruction, could all benefit from anomaly-based occlusion estimation. Extending the current approach to
these domains would further demonstrate its generality and robustness.

A promising direction for future research is the joint integration of occlusion estimation and classification
within a single model architecture. Rather than treating occlusion reasoning as a separate preprocessing step,
embedding it directly into the learning process could enable models to adaptively handle varying degrees of
visibility. Similarly, extending the framework to temporal contexts, such as video data, could allow dynamic
reasoning about occlusions that evolve over time.
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While performance remains strong across most conditions, results indicate that heavy occlusions (around
60%) still pose a challenge. Addressing such cases may involve complementary techniques such as conformal
prediction [24] or hierarchical classification [11], potentially in combination with the existing severity estimation.
Integrating these uncertainty-aware methods could further improve the reliability of classification under extreme
occlusion conditions.
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A AnomalyDINO memory bank size
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(b) Mean AUROC (mAUROC), mean is taken across occlusion severities.

Fig. 17: Occlusion segmentation performance of AnomalyDINO for different memory bank sizes (k refer-
ence images per class). Aggregated, by taking the mean across occlusion percentages. For each class, the
k reference images are selected as those nearest to the class centroid in embedding space. Both metrics
show that occlusion segmentation performance optimal with a single reference image per class (k = 1),
with larger k£ providing no further gains.
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B Saliency Overlaps
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Fig. 18: Saliency overlap across occlusion severities for different occlusion textures (gray, vegetation,
smoke, and rubble). Saliency maps were computed using Grad-CAM on a classifier trained on clean
images. The left plot shows the overlap between the Grad-CAM saliency and the ground-truth saliency
(computed on visible object regions), where a higher overlap indicates better localization of relevant
features. The right plot shows the overlap between the Grad-CAM saliency and the occluded regions
(ground-truth occlusion mask), where lower overlap is desirable. In both plots, the classifier achieves the
most favorable overlap behavior for the gray occlusion condition.

C Classification performance of fine-tuning on p% or 0 — p% gray occlusion
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Fig.19: Visualization of model robustness across occlusion severities under gray occlusion. (a) shows
results for models trained at a fixed occlusion level (p%) and evaluated across increasing occlusion sever-
ities. (b) shows results for models trained on progressively larger occlusion ranges (0 — p%) evaluated
across increasing occlusion severities. This comparison highlights the effect of range-based training on
generalization to unseen occlusion levels.



