
ICONIC-444: A 3.1-Million-Image Dataset for OOD Detection Research

Supplementary Material

In the following, we provide detailed insights into our
dataset (Appendix A), covering its acquisition setup, pro-
cess, and quality assurance protocols. Additionally, we out-
line the experimental setup (Appendix B) and provide de-
tailed evaluations (Appendix C) that complement the results
reported in the main manuscript. We extend our analysis to
larger and more complex architectures (Appendix D), ex-
plore OOD detection performance using a vision language
model (VLM) (Appendix E), and conduct ablation stud-
ies regarding the correlation between ID and OOD perfor-
mance (Appendix F) and the impact of data corruption (Ap-
pendix G).

A. Dataset and Quality Details

Ensuring the highest quality of recordings and maintaining
class purity is critical to our dataset’s utility and, thus, a
high priority during data acquisition. We follow a strin-
gent acquisition protocol and implement comprehensive
data cleaning and quality control measures to ensure the
data meets rigorous standards for accuracy and consistency.

A.1. System Setup
Our data is acquired using a sorting machine prototype de-
signed to closely mimic real-world applications. The setup
(see Fig. 1) includes key components such as a vibrating
conveyor, chute, camera, and lighting configuration, all op-
timized for capturing high-quality images of food objects,
which serve as the in-distribution (ID) classes in our defined
benchmark tasks.

The chute is adjusted to a 60-degree slope, and the cam-
era is positioned at a 90-degree angle to the chute, en-
suring it is perpendicular to the object’s motion for opti-
mal image capture. The camera’s scan line is located just
beyond the chute endpoint, capturing the objects as they
enter free fall. The lighting system ensures uniform il-
lumination and minimizes shadows. A blue LED back-
light, aligned with the camera’s scan line, provides con-
sistent contrast, while white LED lights at 45-degree an-
gles above and below the camera, and focused on the scan
line, illuminate the objects from multiple directions. The
selection of a blue backlight is a deliberate, industry-driven
choice. Uniform, narrow-band blue illumination provides
high, stable contrast against the color spectrum of virtu-
ally all food items, supporting reliable and computation-
ally efficient foreground–background segmentation in high-
throughput bulk sorting. Camera settings, such as expo-
sure, gains, aperture, and focus, are calibrated to capture
high-resolution images with balanced brightness and con-

(a)

(b)

Figure 1. Views of the sorting machine prototype. (a) External
overview, highlighting the vibrating conveyor, blue LED back-
light, white LED lights, and camera housing. (b) Internal perspec-
tive, illustrating the blue LED backlight, white LED lights, chute,
and camera within the machine’s main structure.

trast, tailored to the reflective properties and appearances of
food items.

We capture our non-food classes using the same setup,
which may result in overexposure, underexposure, reflec-
tions, or other artifacts, particularly for transparent ob-
jects like glass. However, we deem this typical for out-
of-distribution data: since the system is optimized for food
sorting, such effects are inevitable when OOD objects fall
through the machine, making them perfectly normal and
expected for OOD data. Including these classes in our
ICONIC-444, we ensure the dataset reflects real-world con-
straints, where systems tailored to specific tasks naturally
encounter such artifacts. Figs. 9 to 11 show sample images
representing all classes included in ICONIC-444.

To clearly understand our setup and acquisition process,
we also include a supplementary video showing the sorting



machine prototype and sample recordings.

A.2. Acquisition Protocol

Setup verification. We use a white balance target as a ref-
erence to verify camera calibration and ensure consistent
illumination across all recordings. The target’s intensity
profiles are compared against initially saved references to
detect deviations in lighting, camera settings, or hardware
configuration. These checks ensure uniformity across ac-
quisition sessions, preventing data quality shifts due to en-
vironmental factors or subtle hardware changes.

Acquisition process. We follow a sequential acquisition
process to mitigate the risk of environmental contamina-
tion and ensure the integrity of all classes. Each acquisi-
tion session is organized into groups, with one class pre-
pared and recorded at a time. This approach is essential for
fine-grained classes within the same group, where cross-
contamination between classes is nearly impossible to de-
tect and rectify post-acquisition. Objects are placed on a
vibrating conveyor and manually inspected to ensure the
removal of rare foreign materials as an additional precau-
tion to maintain the dataset’s high cleanliness standards.
After completing the acquisition, we thoroughly clean the
machine to prevent cross-contamination between different
classes. During this procedure, we inspect the system for
residual particles (e.g., dust or debris) that could affect sub-
sequent classes.

A.3. Data Cleaning and Quality Control

We implement a comprehensive data cleaning and quality
control process after acquisition to remove poorly acquired
data and further improve the quality of our dataset. These
procedures are designed to exclude contaminants and elim-
inate issues such as objects outside the illumination range
or objects that are out of focus.

Certain classes, for example in the dried fruits, spices,
or pulses groups, naturally contain contaminants like bro-
ken stems or pieces of skin that can separate from the main
objects. These classes require more stringent cleaning pro-
cedures to ensure that any environmental or natural contam-
inants are systematically removed. The following describes
the steps we implemented in the data cleaning and quality
control process to achieve these goals.

Our semi-automatic data cleaning process is performed
on a class-by-class basis and follows a structured, iterative
approach. The goal is to ensure that each class in the dataset
is free from contamination:

For each class, we first extract a set of handcrafted fea-
tures, such as area, the mean and standard deviation of each
color channel, bounding box dimensions, aspect ratio, and
object brightness. Additionally, we compute feature vectors

from the penultimate layer of a ResNet50 model pre-trained
on ImageNet to capture high-level semantic information.

The cleaning process begins by identifying extreme val-
ues (both minimum and maximum) for these handcrafted
features. A class-specific threshold is set for selecting a
fixed percentage of these extreme cases, which are then
manually inspected. This process is iterative, continuing
until no outliers or contaminants remain. Throughout this
step, images are labeled as either accepted or rejected.

Next, we use the feature vectors to calculate the k-
th nearest neighbor distance for all non-rejected images.
Again, thresholds are determined on a class-by-class basis,
with a percentage of images having the largest distances
manually reviewed. This step is repeated until no further
outliers are detected.

Once the initial cleaning is complete, we train a random
forest classifier for each class using the manually labeled
accepted and rejected images based on the extracted fea-
ture vectors. This classifier is then used to predict the status
of images that were not manually inspected. We manually
review all images classified as rejected to ensure no con-
taminations remain.

For classes where manual defects are introduced, all im-
ages are manually inspected to ensure the intended defects
are accurately captured and visible in the image.

To further ensure the dataset is free from critical cross-
contaminations and mislabels, we conduct a final verifica-
tion step aimed at minimizing human error, especially in
closely related classes. We organize classes into subgroups
(e.g., pasta, beans, nuts) and perform a cross-validation
procedure by splitting the data 50/50 within each sub-
group, training a ResNet18 on one half, and evaluating
it on the other. This allows us to detect potential cross-
contaminations, particularly in closely related classes such
as nuts acorn and nuts acorn damaged or kernel sunflower
peeled and kernel sunflower white. Incorrectly classified
images are manually reviewed. Note that this is only possi-
ble for classes where manual inspection can reveal the true
class of the object—for example, distinguishing between
different breeds of wheat is not feasible for us. However,
due to the quality protocols of the producers from which we
sourced them, we are very confident in the high purity of
these classes.

Finally, all data undergoes an independent review by in-
dividuals not involved in the acquisition or cleaning pro-
cess. This additional verification step helps identify and
quantify errors introduced during cleaning, ensuring the
dataset is of high quality and reliability. Fig. 8 shows classes
with natural contaminants, such as broken stems from dried
fruits or shells from beans and lentils, which were flagged
and rejected during the cleaning process.



Trainset Testset

Almond Almond w/o Bg Almond w/o Fg

Almond 95.60 91.35 13.97
Almond w/o Bg 95.79 94.97 13.97
Almond w/o Fg 18.81 18.81 18.81

Table 1. ResNet18 model accuracy (in percentage) for the Almond
task, trained and evaluated on three dataset versions: with back-
ground (Almond), with the background removed (w/o Bg), and
with the foreground removed (w/o Fg). Each model was trained
on a specific version and tested across all three to evaluate the in-
fluence of background noise on classification performance.

A.4. Environmental Noise

A further test we conduct focuses on detecting potential
background noise and changes in the data acquisition setup
between classes. Such changes could be caused by environ-
mental factors, such as light sources or shadows, and might
allow models to distinguish between objects based on non-
object features.

For this test, we focus on the Almond task and create
three variations of the dataset. The first version consists of
the original images, serving as the control set. In the sec-
ond version, we segment the objects and replace the back-
ground with a uniform blue color to eliminate any potential
background patterns caused by environmental effects. In
the third version, we mask the objects entirely, replacing
them with a uniform blue color to test whether the model is
still able to make correct predictions based solely on back-
ground patterns.

We train ResNet18 models on each version of the dataset
using the same training parameters as described in the main
manuscript and evaluate their performance across all three
dataset variations. Tab. 1 shows that models trained on
the original Almond dataset and the dataset with the back-
ground removed (w/o Bg) achieve similarly high accuracy
when tested on both the original and w/o Bg test sets. This
indicates that the model does not use background features
to classify objects.

As expected, both models achieve only around 14% ac-
curacy on the w/o Fg (foreground removed) dataset, con-
firming that the informative content is solely in the fore-
ground, with no meaningful background patterns. The
model trained on the w/o Fg dataset performs poorly across
all test sets, further demonstrating that background informa-
tion offers no useful guidance for predictions. The cross-
entropy loss stays near log(N) (where N is the number of
ID classes), indicating the model is merely guessing and
unable to learn meaningful representations.

Tests on other ID data, such as the wheat classes, show
similar results, confirming that our data is free from infor-
mation leakage in the background and that data quality is

consistent across the different classes in our dataset.

A.5. Limitations
Please note that it is virtually impossible to ensure correct
labeling for every single image in our dataset. Manually
checking over 3.1 million images is impractical and would
not guarantee proper labeling due to human error and the
difficulty of visually distinguishing closely related classes,
such as different grain varieties.

To estimate the labeling accuracy, we conduct an addi-
tional manual inspection of 144 images per class across all
444 classes, totaling 63936 images (approximately 2% of
the dataset). This inspection is performed by individuals
not involved in the data acquisition or cleaning process to
minimize bias. Across all classes, we identify a total of
25 images containing unexpected objects, which indicates
that the fraction of mislabeled data within our dataset is
well below 0.05%. These unexpected objects are not due
to cross-contamination between different classes — thanks
to our stringent sourcing and acquisition protocols, cross-
contamination is extremely rare or nonexistent. Instead, the
samples found are primarily natural contaminants (e.g., dry
fruit skin with high visual similarity to the actual dry fruit).

A.6. Societal and Ethical Impact
Our dataset has been constructed with careful attention to
ethical considerations. No personal data were collected,
processed, or included in the construction of this dataset.
While comprehensive, the dataset cannot consider all possi-
ble real-world scenarios, and it tends to focus on foods com-
monly used in specific regions of the world. OOD detection
methods tested on our dataset may not account for every
potential OOD instance encountered in practice. However,
we consider the impact of these limitations relatively minor
because we took great care of sourcing a wide variety of
different products for ICONIC-444.

B. Experimental Details
B.1. Implementation Details
Software setup. Our implementation builds on the
OpenOOD framework [45, 47], extended by [18] (mod-
ified GRAM [35] implementation and added support for
CompactTransformer [9]). OpenOOD currently serves as
the most comprehensive framework for evaluating state-
of-the-art OOD detection methods. Our main modifica-
tions include: (i) integrating our four benchmark tasks into
the framework, (ii) adding support for evaluating custom-
defined OOD groups, (iii) enabling the evaluation of custom
metrics, (iv) incorporating ATS [20] as an additional post-
hoc OOD detection method, (v) adding the option to gener-
ate synthetic OOD samples for in-distribution (ID) datasets
(building on the codebase of Bitterwolf et al. [3]), and pro-



Model Pretrained Params Inference Time timm name

CCT 7 7x2 — 4.5M 2.65ms —
ResNet18 — 11.6M 2.41ms —
ConvNeXt-P ImageNet-1k 9.0M 2.41ms convnext pico.d1 in1k
ConvNeXt-T ImageNet-12k 28.6M 3.69ms convnext tiny.in12k ft in1k
ViT-S/16 ImageNet-21k 22.1M 3.68ms vit small patch16 224.augreg in21k ft in1k
ViT-B/16 ImageNet-21k 86.6M 4.44ms vit base patch16 224.augreg2 in21k ft in1k

CLIP-B/16 openai 150M 12.71ms —

Table 2. Overview of the evaluated models.

viding support for models from the timm-repository [43]
(e.g. ConvNeXt, ViTs). For CLIP-based OOD detection
methods (MCM [29], GL-MCM [30], GalLop [21]), we ex-
tend their original repositories.

Computational environment. We run our experiments
on a server equipped with an Intel(R) Core(TM) i9-9900X
CPU @ 3.50GHz, paired with three NVIDIA GeForce RTX
A4000 GPUs. The computational setup operates on Ubuntu
22.04, incorporating PyTorch 2.0.1, and leverages CUDA
11.8 and cuDNN 8.7.0.

B.2. Training

Our main evaluations from the main manuscript focus on
two architectures: a Convolutional Neural Network (CNN)
using ResNet18 [10] and a Transformer using the Com-
pact Transformer (CCT 7 7x2 224) [9]. These models were
selected for their efficiency, effectiveness, and practicality
while balancing performance, runtime efficiency, and com-
putational cost. This makes them particularly suitable for
real-world applications where cloud computation is not fea-
sible due to latency constraints, such as real-time quality
control, automated sorting systems, and embedded AI ap-
plications in industrial environments. By ensuring both re-
search accessibility and deployment readiness, these mod-
els provide a strong foundation for OOD detection across
diverse settings.

To further broaden architectural diversity, we addition-
ally evaluate two larger and more complex architectures:
ConvNeXt [26] and Vision Transformers [7] (ViT). For
ConvNeXt, we include both a compact variant (ConvNeXt-
P, or ”pico”), which has a parameter count comparable
to ResNet18, as well as the larger ConvNeXt-T. Addi-
tionally, we evaluate two ViT models, ViT-S and ViT-B.
Unlike ResNet18 and CCT, these models leverage pre-
trained weights for fine-tuning—to mitigate overfitting—
except for ConvNeXt-P, which is trained from scratch to
match the training paradigm of our baseline models. Tab. 2
gives an overview of the evaluated models. All pre-trained
model weights were taken from the public available timm-
repository [43], except for the zero-shot CLIP model, which
is available via github1.

1https://github.com/openai/CLIP

Method Hyperparameter Search Space

GRAM [35]
ViM [42]
KNN [39] K ∈ {50, 100, 200, 500, 1000}
OpenMax [1]
ATS [20]
MDS [22]

temperature T ∈ {1, 10, 100, 1000}ODIN [23] perturbation mag. σ ∈ {0.0, 0.0007, 0.0014, 0.0028}
RMDS [34]
ReAct [38] percentile ∈ {70, 80, 85, 90, 95, 99}

GEN [25] gamma ∈ {0.01, 0.1, 0.5, 1, 2, 5, 10}
top-M classes ∈ {2, 4, 5, 10, 15, 20, 25, 50, 100, 200, 300}

TempScale [8]
MSP [13]
KLM [15]
SCALE [44] percentile ∈ {65, 70, 75, 80, 85, 90, 95}
ASH-s [6] percentile ∈ {65, 70, 75, 80, 85, 90, 95}
DICE [37] percentile ∈ {10, 30, 50, 70, 90}
MLS [15]
EBO [24]
SHE [46]
GradNorm [17]
ASH-b [6] percentile ∈ {65, 70, 75, 80, 85, 90, 95}
RankFeat [36]

Table 3. Hyperparameter search space for each OOD detection
method.

Unless stated otherwise, all models are trained from
scratch. ResNet18 models are trained for 100 epochs us-
ing the Stochastic Gradient Descent (SGD) optimizer with
an initial learning rate of 1 × 10−1 and cosine annealing
with a weight decay of 5 × 10−3. Compact Transformer
models are trained for 150 epochs using the AdamW [27]
optimizer with a learning rate of 5× 10−4 and a weight de-
cay of 6 × 10−2. ConvNeXt-P follows the same setup and
is trained from scratch for 100 epochs, while ConvNeXt-
T, ViT-S, and ViT-B are fine-tuned for 50 epochs using
AdamW with the same learning rate and weight decay as
CCT. To mitigate class imbalance, we use per-class weights
in the cross-entropy loss, with wc = 1/fc where fc is the
class frequency on the training split; weights are normalized
to have mean 1. The same scheme is applied for all training
recipes and fine-tuning runs.

OOD detection methods. Since our dataset differs sig-
nificantly from commonly used benchmarks like CI-
FAR10/100 [19] and ImageNet [5], on which most OOD
detection methods are developed, and given that some of
the evaluated methods are sensitive to hyperparameters, we
optimized these methods using both the ID and our specif-
ically designed OOD validation set. Tab. 3 shows the 22
methods along with their respective hyperparameter search
spaces, where applicable.

B.3. Extreme- and Synthetic-OOD Details
To provide a comprehensive and diverse OOD test set, we
add extreme and synthetic OOD samples in addition to the
near- and far-OOD samples sourced from ICONIC-444:
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Figure 2. Comparison of mean FPR at 95% and 99% TPR across all methods for each individual task (Almond, Wheat, Kernels, and Food-
grade) and architectures (ResNet18 and CCT), averaged over three runs and our four OOD categories (near, far, extreme and synthetic).
The blue and orange bars represent the ResNet18 and CCT architectures, respectively. For each method, the dark-shaded portion of the bar
indicates the mean FPR95, and the light-shaded segment on top represents the additional increase up to FPR99. Methods are ordered by
their overall mean FPR99 score across tasks, reflecting their relative performance ranking.

Extreme-OOD. We add samples from four com-
monly known datasets—ImageNet [32], iNaturalist [40],
Places365 [48], and Textures [4]—to our OOD test set
and categorize them as extreme-OOD. These samples are
coarse-grained OOD examples compared to the ICONIC-
444 data (and thus to all considered ID tasks), allowing our
benchmark to test OOD detection performance on samples
with no semantic correlation to the ID data. Fig. 12 shows
sample images from all four datasets.

Synthetic-OOD. We generate 500 samples each for 25
distinct synthetic OOD types. Out of these, 16 types
are taken from literature, i.e. uniform noise [13], Gaus-
sian noise [13], Rademacher noise [14], IN pixel permu-
tations [11], black [3], white [3], monochrome [3], tri-
colour [3], horizontal stripes [3], vertical stripes [3], smooth
noise [2, 11, 28], smooth noise+ [3], smooth color [3],
smooth IN pixel permutations [11], and blobs [14]. For
these, we adhere to the configuration settings detailed by
Bitterwolf et al. [3] to ensure consistency and reproducibil-
ity in our comparisons. Additionally, we extend the syn-

thetic OOD dataset with variants more closely aligned with
the ICONIC-444 dataset. Below, we describe these newly
introduced types in further detail:
• IN channel permutations: We choose a random image

from the ID data and randomly shuffle its color channels.
• red: The red channel is set to 1.0 the others to 0.
• green The green channel is set to 1.0 the others to 0.
• blue: The blue channel is set to 1.0 the others to 0.
• random shape: The background of the image is set to

blue (with the blue channel at 1.0 and the others at 0.0). A
random RGB color is uniformly sampled from the range
[0.4, 0.78]3, and the red and blue channels are shifted by
0.15 and −0.3, respectively. A random shape (triangle,
quadrangle, pentagon, octagon, or ellipse) is then drawn
using the pre-generated color.

Fig. 13 provides examples of each of the 25 synthetic OOD
types used in this study.

C. Detailed Results
In the following, we (i) summarize per-task trends on
the baseline backbones (ResNet-18, CCT; Appendix C.1),
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Figure 3. Comparison of the OOD detection methods based on the
AUROC across the ICONIC-444 and the ImageNet benchmark.

(ii) assess robustness under stricter operating points
(FPR95→FPR99; Appendix C.2), and (iii) analyze feature
spaces and contrast ICONIC-444 with ImageNet-1k (Ap-
pendix C.3).

C.1. Details on Baseline Architectures
A detailed breakdown of results on individual tasks is pre-
sented in Fig. 2, where the mean FPR at 95% and 99% TPR
for each method and architecture is shown. The general
outperformance of ResNet18 over the more recent CCT ar-
chitecture aligns with findings from other benchmarks [47],
where this is attributed to many post-hoc OOD methods be-
ing overfit to the representational style of traditional CNNs
after being implicitly developed and tuned on ResNet back-
bones. Methods that leverage information from layers be-
yond the model output, such as GRAM, ViM, KNN, and
MDS, consistently achieve low FPRs across all tasks, with
this effect being more pronounced for the ResNet architec-
ture. However, the substantial performance gap between
these methods and model enhancement methods (e.g., Re-
Act, DICE, ASH), as well as baseline methods (e.g., MSP,
MLS, and EBO), progressively narrows from the Almond
task to the more complex (in terms of ID classification)
Food-grade task.

Interestingly, model enhancement methods begin to out-
perform methods like MDS, KNN, and ViM on the Food-
grade task, which involves a larger number of ID classes.
This shift suggests that an increasing number of ID classes
may favor model enhancement approaches, possibly be-
cause methods like ReAct, DICE, and ASH were devel-
oped on diverse datasets like ImageNet, which aligns more
closely with the Food-grade task’s 324 ID classes. GRAM
remains a high-performing method across all tasks and re-

tains its advantage even as the number of classes and class
granularity increase.

All methods demonstrate task-dependent performance
variations, with a relatively consistent degradation from
FPR95 to FPR99 within each task. OpenMax, however, de-
viates from this trend, showing a notably larger increase in
mean FPR on the Kernels and Food-grade tasks, where its
FPR more than doubles.

Furthermore, the results suggest that as the number of
ID classes increases, the overall OOD detection perfor-
mance across all methods improves. This observation con-
trasts with findings by Huang et al. [16], who show that
the FPR of baseline methods increases as the number of
classes grows, particularly on ImageNet where classes are
randomly sampled. In our dataset, however, the controlled
environment, with a uniform background and many fine-
grained classes that transition smoothly to more coarse-
grained ones, appears to positively affect OOD detection
performance. Nevertheless, even for state-of-the-art ap-
proaches, ICONIC-444 is still far from being saturated, as
demonstrated by the high FPR rates.

In summary, our results reveal that all OOD meth-
ods are highly sensitive to the complexity and granular-
ity of ID tasks, as well as the architecture used, under-
scoring the importance of diverse OOD detection bench-
marks. Such benchmarks are crucial for accurately eval-
uating each method’s strengths and weaknesses, enabling
more informed selection for real-world applications, and ul-
timately enhancing the reliability and safety of OOD detec-
tion methods in practical settings.

C.2. Robustness under Stricter Evaluation
Tab. 6 shows the average OOD detection performance along
with the standard deviation for each method, evaluated over
three random seeds and two architectures (ResNet18 and
CCT) across the four OOD categories. As expected, per-
formance degrades significantly for all methods across all
OOD categories when moving from 95% to 99% TPR.
This trend is particularly pronounced in the near- and far-
OOD categories and remains evident in the extreme- and
synthetic-OOD samples.

Among all methods, GRAM and ATS stand out as the
only two that effectively handle extreme- and synthetic-
OOD samples, at least in the FPR95 setting. GRAM shows
significantly better performance in the FPR99 setting in
these categories, likely due to its use of higher-order mo-
ments for modeling ID data, whereas ATS relies solely on
the mean. This more comprehensive statistical modeling
allows GRAM to capture finer distinctions between ID and
OOD samples, making it the more robust approach also for
the more strict evaluation with 99% TPR.

These results emphasize the importance of considering
both AUROC and FPR when evaluating OOD detection
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Figure 4. t-SNE visualization of penultimate layer feature embeddings from (a) the ICONIC-444 Food-grade task and (b) the ImageNet-
1k benchmark. Features for ICONIC-444 were extracted from a ResNet18 model, while ImageNet-1k features were extracted from a
ResNet50. The t-SNE visualization includes only a subset of samples to enhance readability. For ID data, 5 samples per class are shown;
for OOD data, only a small subset of classes is depicted.

methods. For example, MSP achieves an average AUROC
ranking, yet at the critical FPR99 operating point, it per-
forms worse than all methods except ASH-b and RankFeat.
This highlights the need for stricter evaluation metrics be-
yond AUROC alone, especially for real-world applications
where minimizing false positives is crucial.

C.3. Need for Complementary Benchmarks
Fig. 3 compares the OOD detection performance (mean
AUROC) of evaluated methods on ICONIC-444 against
their reported performance on the ImageNet-1k benchmark
from OpenOOD [47]. The comparison reveals that no sin-
gle class of methods is universally superior; instead, the
optimal approach is highly dependent on the dataset’s in-
trinsic properties. Notably, feature-based methods (e.g.,
GRAM, ViM, KNN, ATS) significantly outperform other
approaches on ICONIC-444, while model enhancement
techniques (e.g., ASH, SCALE, ReAct) are the top perform-
ers on the ImageNet benchmark.

We hypothesize that this divergence is caused by funda-
mental structural differences between the datasets’ feature
spaces, an idea supported by both visual and quantitative
analysis. Unless stated otherwise, all feature space analyses
use penultimate layer activations: ResNet18 for ICONIC-
444 (Food-grade task) and ResNet50 for ImageNet-1k. The
t-SNE visualizations in Fig. 4 provide a clear visual in-

tuition, showing that ICONIC-444’s features form more
compact and distinct clusters compared to the diffuse dis-
tribution typical of ImageNet. This observation is con-
firmed quantitatively. ICONIC-444’s controlled acquisi-
tion process (object-centric) yields a lower mean variance
of pixel intensity (0.154 vs. 0.226 for ImageNet), a consis-
tent background, and finer-grained class distinctions com-
pared to ImageNet’s broader semantic and textural variabil-
ity (scene-centric). At the feature level, we observe sub-
stantially higher activation sparsity, which is the fraction
of near-zero feature values (0.081 vs. 0.005 for ImageNet);
and stronger class separation (inter/intra ≈ 3.67 vs. 1.31 on
ImageNet). These indicators are consistent with a more sta-
tistically coherent representation where distance/statistics-
based detectors like GRAM and KNN are highly effective
at modeling feature distributions.

However, this controlled environment does not imply a
simpler task; it creates a different one. The challenge shifts
from handling nuisance variables common in in-the-wild
data—such as cluttered backgrounds—to the more focused
task of detecting subtle semantic differences between vi-
sually similar classes. Our results, both in the main pa-
per and this supplementary material, show that even top
methods yield enormously high false positive rates on
our near- and far-OOD categories, proving the benchmark’s
difficulty.
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(a) ICONIC-444 (Food-grade Task, ResNet18)
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(b) ImageNet-1k (OpenOOD ImageNet-1k Benchmark [47], ResNet50)

Figure 5. Per-unit penultimate layer activation profiles for ID and the far-OOD category on a) ICONIC-444 Food-grade with ResNet-18
and (b) ImageNet-1k (OpenOOD benchmark) with ResNet-50. The x-axis indexes individual units in the penultimate layer (each position
corresponds to one unit), and the y-axis is activation magnitude; the solid line denotes the mean and the shaded region the standard
deviation.

Method Pretrained
on ImageNet

OOD-Dataset

Near Far Extreme Synthetic Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑

C
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GRAM [35] ✗ 34.99± 2.74 91.42± 1.07 22.44± 5.58 94.75± 1.47 0.00± 0.00 99.99± 0.00 0.00± 0.00 99.95± 0.03 14.36±17.36 96.53± 4.20

ATS [20] ✗ 61.39±10.83 81.29± 3.98 32.74±12.62 91.50± 3.60 0.00± 0.00 99.83± 0.25 11.29±10.68 95.58± 4.82 26.35±27.02 92.05± 7.94

VIM [42] ✗ 84.09± 2.76 62.21± 2.98 86.74± 6.26 61.77± 5.76 7.23± 7.80 97.83± 3.10 27.11±13.24 88.08± 5.08 51.29±40.24 77.47±18.32

KNN [39] ✗ 61.83± 1.20 83.77± 0.89 60.78±10.10 88.29± 2.81 34.07±10.48 91.76± 3.73 42.14±10.34 89.08± 4.29 49.71±13.80 88.22± 3.32

SCALE [44] ✗ 81.75± 2.69 69.35± 0.19 82.93± 5.51 70.88± 2.64 81.53±12.97 50.24±12.92 71.45±18.25 59.97±10.62 79.41± 5.35 62.61± 9.55

MSP [13] ✗ 83.54± 0.20 73.14± 0.48 84.08± 1.86 74.64± 2.70 87.91± 4.77 57.50± 7.50 85.07± 4.17 61.05± 6.95 85.15± 1.94 66.58± 8.58

C
on

vN
eX

t-
P

GRAM [35] ✓ 36.73± 2.06 93.57± 0.33 40.16± 2.03 94.08± 0.35 0.00± 0.00 99.90± 0.11 0.77± 0.28 99.57± 0.12 19.41±22.02 96.78± 3.42

ATS [20] ✓ 43.63± 5.79 86.92± 3.34 27.30± 6.01 92.94± 0.98 0.00± 0.00 99.99± 0.01 13.67± 0.75 95.83± 0.70 21.15±18.68 93.92± 5.49

VIM [42] ✓ 30.70± 4.19 93.17± 1.13 31.12± 4.89 94.20± 0.90 0.19± 0.26 99.74± 0.25 7.92± 0.95 98.50± 0.38 17.48±15.82 96.40± 3.21

KNN [39] ✓ 47.05± 1.08 90.60± 0.41 45.21± 2.08 92.93± 0.36 19.53±15.60 97.42± 1.34 25.18± 3.57 96.36± 0.77 34.24±13.94 94.33± 3.14

SCALE [44] ✓ 59.22±10.60 82.53± 7.40 55.46± 2.20 84.24± 6.15 38.69±19.02 93.87± 2.79 32.12± 8.05 91.22± 3.72 46.37±13.03 87.97± 5.44

MSP [13] ✓ 59.48± 0.73 87.71± 1.23 56.42± 4.48 89.42± 0.31 46.01±15.93 93.92± 2.14 35.64± 1.86 93.87± 0.85 49.39±10.83 91.23± 3.15

C
on

vN
eX

t-
T

GRAM [35] ✓ 36.62± 2.04 93.91± 0.51 41.68± 1.52 93.62± 0.53 0.00± 0.00 99.93± 0.02 5.30± 1.57 99.27± 0.06 20.90±21.29 96.68± 3.38

ATS [20] ✓ 47.68±13.12 86.85± 4.72 32.84± 5.35 91.94± 0.86 0.00± 0.00 99.96± 0.03 11.62± 3.55 97.43± 0.69 23.03±21.33 94.04± 5.85

VIM [42] ✓ 23.40± 1.70 94.65± 0.43 21.64± 5.32 95.89± 1.29 0.00± 0.01 99.98± 0.01 5.41± 0.87 99.12± 0.17 12.61±11.67 97.41± 2.55

KNN [39] ✓ 39.70± 2.72 92.34± 0.25 39.07± 1.80 93.91± 0.43 9.89± 2.91 97.90± 0.48 22.43± 6.00 96.14± 1.27 27.77±14.36 95.07± 2.45

SCALE [44] ✓ 65.91± 7.32 80.84± 1.95 64.61± 4.13 82.35± 1.76 66.50±22.32 80.88±11.43 46.69± 5.77 83.25± 1.27 60.93± 9.52 81.83± 1.18

MSP [13] ✓ 55.88± 5.41 87.16± 2.13 56.09± 3.50 88.95± 1.09 50.05±16.83 88.29± 5.49 35.46± 3.82 88.35± 3.40 49.37± 9.69 88.19± 0.75

V
iT

-S
/1
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GRAM [35] ✓ 33.06± 4.72 93.41± 0.72 19.66± 4.00 96.29± 0.52 0.00± 0.00 99.99± 0.00 1.59± 0.17 99.69± 0.03 13.57±15.76 97.35± 3.11

ATS [20] ✓ 57.84± 3.46 85.15± 0.78 29.27± 3.13 93.10± 0.73 0.04± 0.05 99.98± 0.01 11.85± 0.34 96.80± 0.53 24.75±25.11 93.76± 6.39

VIM [42] ✓ 57.27± 5.09 84.73± 1.94 47.55± 5.86 90.82± 1.84 4.04± 3.12 99.06± 0.56 23.64± 4.25 94.24± 1.17 33.13±23.99 92.21± 6.03

KNN [39] ✓ 62.27± 3.50 80.60± 0.37 58.61± 4.30 86.89± 0.48 40.20± 8.41 91.88± 2.38 57.80± 2.39 82.37± 3.33 54.72± 9.87 85.43± 5.05

SCALE [44] ✓ 55.76±10.88 84.62± 5.43 53.08±11.27 87.89± 4.46 16.10± 8.48 97.18± 1.59 40.82±10.20 88.79± 3.98 41.44±18.10 89.62± 5.35

MSP [13] ✓ 71.50± 3.57 83.40± 1.05 70.68± 3.53 85.94± 0.78 52.30± 7.75 92.83± 1.55 70.68± 3.16 84.05± 1.51 66.29± 9.33 86.56± 4.32

V
iT

-B
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GRAM [35] ✓ 35.01± 2.57 92.77± 0.72 24.29± 3.68 95.58± 0.54 0.00± 0.00 99.97± 0.02 2.63± 0.37 99.54± 0.07 15.48±16.97 96.97± 3.42

ATS [20] ✓ 68.38± 4.66 83.35± 0.61 49.41± 8.85 88.02± 2.03 1.03± 1.07 99.82± 0.18 16.86± 0.61 93.39± 0.20 33.92±30.55 91.14± 7.09

VIM [42] ✓ 52.99± 8.99 86.82± 1.84 44.87±15.37 91.73± 1.92 0.00± 0.01 99.91± 0.06 15.84± 1.40 95.61± 0.72 28.43±24.77 93.52± 5.57

KNN [39] ✓ 49.44± 1.49 88.71± 0.16 51.65± 6.21 90.31± 0.46 51.56±10.62 91.90± 2.34 37.92± 1.55 90.34± 1.05 47.64± 6.56 90.31± 1.30

SCALE [44] ✓ 57.86± 9.06 86.10± 1.99 53.71±11.75 88.33± 2.79 78.39± 9.34 80.83± 4.50 70.33± 8.80 71.90± 4.12 65.07±11.34 81.79± 7.31

MSP [13] ✓ 80.41± 0.46 78.87± 0.43 80.77± 0.30 80.02± 0.19 85.91± 2.34 76.90± 2.89 86.03± 1.66 69.02± 3.13 83.28± 3.11 76.20± 4.96

Table 4. Average OOD detection performance for the Almond task, evaluated across four architectures (ConvNeXt-P, ConvNeXt-T, ViT-
S/16, and ViT-B/16) and reported per OOD category (near, far, extreme, and synthetic). Results are reported as mean ± standard deviation
over three random seeds. Arrows (↑/↓) indicate whether higher or lower values are better. Cells are color-coded from blue (high perfor-
mance) to white (low performance). Additionally, the best and second-best results in each column are highlighted in bold and underlined,
respectively. All values are reported as percentages.



As further evidence, the penultimate layer activation pro-
files in Fig. 5 show that the ReAct [38] signature observed
on ImageNet—near-constant ID means with lower, more
variable, positively skewed OOD activations—attenuates
on ICONIC-444, where the ID and OOD profiles largely
overlap across units. Consequently, activation-shaping
heuristics (e.g., ReAct) offer limited gains on ICONIC-444,
whereas statistic/distance-based detectors (GRAM, ViM,
KNN) remain effective by exploiting the structure of inter-
mediate features.

This analysis empirically demonstrates ICONIC-444’s
value as a diagnostic tool that proves the optimal OOD de-
tection strategy is highly task dependent. It complements
large-scale OOD benchmarks like ImageNet by providing
a challenging benchmark for fine-grained OOD, which is
essential for progress in safety- and sustainability-critical
applications like industrial sorting and recycling.

D. Evaluation on Complex Architectures
In this section, we analyze the benchmark results on more
complex architectures, specifically ConvNeXt and Vision
Transformers (ViTs). For OOD detection, we evaluate
six post-hoc methods: the three top-performing methods
from our main benchmark (GRAM, ATS, and ViM, selected
based on average FPR99), KNN (which utilizes penulti-
mate layer features), SCALE (one of the most recent model-
enhancement methods), and MSP (the initial OOD detec-
tion baseline). Tab. 4 reports the average OOD detection
performance for each method over three random seeds on
the Almond task, broken down by near, far, extreme, and
synthetic OOD categories.

Despite higher capacity and potentially richer feature
representations (see model details in Tab. 2), ConvNeXt
and ViT do not consistently outperform ResNet in OOD de-
tection, aligning with observations from Zhang et al. [47].
A possible explanation is that most OOD detection methods
have been primarily designed and tuned for ResNet-based
backbones, suggesting they may be implicitly optimized for
the representational style of traditional CNNs.

Focusing on ConvNeXt-P, we compare models trained
from scratch versus those fine-tuned from ImageNet-
pretrained weights. Pretraining generally improves
extreme-OOD detection, likely because the semantics
learned from ImageNet (e.g., generic object shapes or tex-
tures) transfer well to OOD examples that share partial
visual characteristics with those seen during pretraining.
Also, this improvement is partially explained by dataset
overlap: our extreme-OOD category includes ImageNet im-
ages for consistency across benchmarks, meaning that pre-
trained models have already been exposed to similar data.
Although we strictly use the ImageNet test set for OOD
evaluation, the semantic structures of these samples remain
familiar to the model, potentially inflating performance.
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Figure 6. Mean FPR95 for the ResNet18 model across four OOD
categories and accuracy for the Almond task, averaged over three
seeds and all OOD detection methods, with progressively reduced
training set size while keeping validation and test sets fixed.

This underscores the importance of either training models
from scratch or ensuring that test-time OOD samples are
entirely absent from pretraining data, as this is crucial for
strict and robust OOD evaluation. Additionally, this bene-
fit is not uniform across all methods; for instance, GRAM
exhibits a notable performance drop on the FPR95 metric
when applied to pre-trained models.

In summary, scaling up model capacity or adopting
newer architectures does not automatically yield better
OOD detection. Most importantly, our results confirm that
ICONIC-444 remains a challenging benchmark even for
larger and more complex architectures, underscoring its
value in advancing OOD detection research; nevertheless,
FPR remains prohibitively high, limiting real-world appli-
cability.

E. VLM-based OOD Detection Methods
To link ICONIC-444 to recent developments in Image Clas-
sification and OOD research, we evaluate how foundation
models perform on our benchmark. Foundation models
are large, pre-trained models that can be adapted to a wide
range of downstream tasks, often outperforming more spe-
cialized supervised approaches [33]. In particular, vision
language models (VLMs) such as CLIP [33] have demon-
strated impressive zero-shot classification capabilities, in-
spiring several CLIP-based OOD detection methods [31].

We evaluate three CLIP-based OOD detection methods
on the Almond task, selected for its simplicity in terms
of in-distribution and near-OOD granularity. We consider
MCM [29] and GL-MCM [30] (both zero-shot and training-
free), as well as GalLop [21], which employs a few-
shot approach using 16 ID training images. The standard
parametrization of zero-shot CLIP is insufficient, achiev-
ing only 20.34% ID accuracy. Thus, we fine-tuned the
text prompts and class descriptions (on the ID validation
set) and could increase the accuracy to 34.70%. Nonethe-
less, even with few-shot fine-tuning, GalLop achieves only



Method
ID Image

Availability
Training

Type

OOD-Dataset

Near Far Extreme Synthetic Average

FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑ FPR95 ↓ AUROC ↑

MCM [29] Zero-shot Training-free 96.10 43.72 98.65 37.53 99.01 22.94 99.41 9.60 98.29 27.70
GL-MCM [30] Zero-shot Training-free 96.31 43.44 98.91 35.96 99.77 18.39 99.14 13.82 98.53 27.90
GalLop [21] Few-shot ID Training 89.91 73.67 90.65 72.77 97.88 68.79 66.36 87.25 86.20 75.62

Table 5. CLIP-based (CLIP-B/16) OOD detection performance on the Almond task, measured in FPR95 and AUROC. Arrows (↑/↓)
indicate whether higher or lower values are better. All values are reported as percentages.
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Figure 7. Average OOD detection performance on the Almond task using ResNet18 over three random seeds, measured as FPR at 95%
(FPR95) and 99% (FPR99) TPR. Results are reported for each method, OOD category (near, far, extreme, and synthetic), and Gaussian
noise corruption with five different severity levels. The dark-shaded portion of each bar represents the mean FPR95, while the light-shaded
extension indicates the additional increase up to FPR99.

78.45% accuracy—noticeably lower than our ResNet base-
lines’ 95.53%.

Tab. 5 shows each method’s OOD detection performance
across near-, far-, extreme-, and synthetic-OOD categories.
As expected, these CLIP-based approaches generally under-
perform specialized OOD detection methods. As demon-
strated by Radford et al. [33] (on the MNIST dataset), CLIP
does not directly address the fundamental deep learning’s
generalization challenge; instead, it aims to cover a broad
diversity of data such that most real-world samples be-
come effectively ID. However, ICONIC-444 contains high-
resolution, industrial-domain images that are rarely—if at
all—present in publicly available web collections, placing
them firmly OOD for CLIP.

Our findings show that, within our benchmark, CLIP un-
derperforms in both ID classification and OOD detection.
Moreover, most existing CLIP-based OOD detection meth-
ods are evaluated on benchmarks where ID performance
is comparable to supervised approaches and where only
coarse-grained OOD samples are analyzed [31]. Therefore,
our results further underscore the value of ICONIC-444 as a
challenging benchmark for VLMs in both classification and
OOD detection contexts.

More broadly, our results suggest that CLIP and simi-
lar foundation models cannot serve as a universal solution
for OOD detection, as they inevitably fail on specialized

datasets outside their training distribution. This aligns with
the limitations identified by Radford et al. [33], particu-
larly in the context of zero-shot classification. ICONIC-
444 demonstrates such domain-specific data, highlighting
the limitations of current foundation models in handling
fine-grained, high-resolution, and industrial-domain OOD
detection tasks, where their pre-training coverage is insuffi-
cient.

F. ID-OOD Performance Correlation Ablation

Fig. 6 shows how progressively reducing training data
impacts ID accuracy and OOD detection performance
(FPR95) across our four OOD categories. As the training
data is reduced, the accuracy steadily declines, and a cor-
responding decrease in OOD detection performance is ob-
served. This trend is more pronounced for the near- and
far-OOD samples, which show a sharper degradation, likely
due to their higher semantic correlation with the ID data. In
contrast, the extreme- and synthetic-OOD categories, which
are less semantically related, exhibit a smaller drop in per-
formance, requiring a more drastic reduction in training
data to show a significant decline.

This finding aligns with recent discussions in our field:
Vaze et al. [41] show a positive correlation between clas-
sifier accuracy and OOD detection performance. Recent



work [18] further analyzes this correlation, showing that
OOD detection performance relies largely on the method’s
ability to separate misclassified ID samples from true OOD
samples. Our results extend this understanding by high-
lighting that the complexity and semantic similarity of OOD
samples play a significant role in this correlation.

G. Ablation on Corruptions
A key objective in the acquisition of ICONIC-444 was
to ensure high-resolution, high-quality images, providing
a strong benchmark for OOD detection research. While
the dataset maintains a high level of visual clarity, mi-
nor imperfections naturally occur due to the free-fall ac-
quisition setup. Variations in object speed and positioning
during scanning introduce slight illumination inconsisten-
cies, motion blur, or occasional dust accumulation, reflect-
ing real-world environmental challenges. Importantly, the
intrinsically high quality of ICONIC-444 allows for con-
trolled degradation, enabling systematic robustness testing
for OOD detection models.

Fig. 7 shows a detailed analysis of OOD detec-
tion performance on the Almond task using ResNet18
under inference-time image corruption. Specifically,
we introduce Gaussian noise with five severity levels
σ = {0.01, 0.02, 0.03, 0.05, 0.1}, following the corruption
methodology proposed by Hendrycks et al. [12]. The clean,
uncorrupted images correspond to severity level zero.

As expected, increased corruption generally degrades
OOD detection performance. However, an exception is ob-
served for KNN on far-, extreme-, and synthetic-OOD cat-
egories, where at severity levels four and five, OOD detec-
tion performance improves. This suggests that noise may
introduce additional cues that help distinguish OOD sam-
ples in the case of KNN, similar to the effect exploited by
ODIN [23], where input perturbations enhance OOD sepa-
rability.



Method

OOD-Dataset

Near Far Extreme Synthetic Average

FPR95 ↓ FPR99 ↓ AUROC ↑ FPR95 ↓ FPR99 ↓ AUROC ↑ FPR95 ↓ FPR99 ↓ AUROC ↑ FPR95 ↓ FPR99↓ AUROC↑ FPR95 ↓ FPR99 ↓ AUROC ↑

GRAM [35] 35.74±23.66 54.59±24.59 88.13± 8.84 19.75±16.47 36.89±21.11 94.03± 5.42 0.00± 0.00 0.00± 0.00 99.99± 0.01 0.44± 0.61 2.40± 2.43 99.88± 0.12 13.98±17.18 23.47±26.73 95.51± 5.65

ATS [20] 66.27±26.96 80.76±19.56 76.35±13.17 48.90±21.86 67.99±17.83 86.04±10.09 0.81± 2.76 2.25± 6.07 99.84± 0.38 13.07± 8.09 20.02±10.52 95.59± 3.51 32.26±30.50 42.76±37.59 89.45±10.47

VIM [42] 45.37±28.34 66.79±29.74 85.53±11.91 32.42±21.74 56.64±28.32 93.57± 5.45 15.92±24.39 31.44±35.47 97.12± 4.48 14.07±17.73 23.87±24.75 96.35± 5.52 26.94±14.79 44.69±20.33 93.14± 5.30

RMDS [34] 45.27±24.47 64.29±18.18 82.96±15.25 42.53±28.08 60.64±24.79 84.61±15.03 24.66±35.25 33.01±36.45 89.60±17.48 27.07±31.30 36.65±32.67 88.71±17.54 34.88±10.52 48.65±16.09 86.47± 3.19

MDS [22] 48.23±28.66 68.30±27.44 82.33±16.47 36.92±31.46 58.31±29.59 87.75±16.03 20.35±31.57 35.52±37.63 92.19±16.18 23.74±33.01 32.54±35.37 89.65±17.93 32.31±12.80 48.67±17.43 87.98± 4.18

KNN [39] 43.75±18.84 65.54±18.16 84.32±11.10 33.64±17.93 57.85±21.02 92.47± 4.01 18.93±20.73 38.97±30.67 96.32± 4.96 20.26±17.05 35.14±22.69 93.96± 6.82 29.14±11.79 49.37±14.65 91.77± 5.21

ODIN [23] 47.70±10.58 66.19±13.16 83.84± 3.85 31.44±17.51 51.61±22.26 91.14± 5.25 27.29±29.87 40.63±32.22 86.73±21.94 29.01±26.07 39.51±29.16 84.45±18.82 33.86± 9.38 49.49±12.40 86.54± 3.31

GEN [25] 57.27±14.18 77.53±12.38 81.66± 6.05 46.29±27.56 68.15±25.93 87.36± 9.29 48.21±36.55 63.07±37.99 81.57±22.06 48.92±30.05 64.82±27.21 78.94±20.11 50.17± 4.86 68.39± 6.44 82.38± 3.55

DICE [37] 60.00±16.80 77.82±13.28 77.87± 9.36 47.64±27.05 69.66±24.90 85.13±10.76 51.73±41.07 65.41±37.60 70.42±32.97 48.95±32.60 62.30±27.89 70.41±28.31 52.08± 5.55 68.80± 6.73 75.96± 7.05

ReAct [38] 60.46±16.93 80.07±14.68 81.04± 6.51 47.69±25.93 71.59±26.45 87.41± 8.52 48.98±39.01 64.46±38.05 82.04±20.73 49.52±31.56 66.02±29.53 81.27±19.19 51.66± 5.92 70.54± 7.05 82.94± 3.01

EBO [24] 59.77±14.43 78.72±11.67 77.59± 7.27 48.57±27.13 69.76±24.72 84.65± 9.99 55.54±40.76 66.70±37.37 69.26±30.90 53.80±30.44 68.90±25.29 69.28±26.14 54.42± 4.63 71.02± 5.29 75.19± 7.43

SHE [46] 60.57±16.33 80.02±11.15 73.77±13.33 51.46±27.72 72.99±22.69 81.28±17.64 49.99±39.29 67.52±34.44 69.09±36.60 49.78±32.98 63.97±27.75 67.88±31.08 52.95± 5.13 71.13± 7.00 73.00± 6.07

OpenMax [1] 44.06±11.86 80.23±14.83 86.50± 4.15 36.38±22.15 80.28±13.43 90.45± 5.56 20.10±30.63 60.63±40.17 95.18± 6.35 27.29±23.36 64.33±31.81 93.17± 5.32 31.96±10.46 71.37±10.37 91.33± 3.76

SCALE [44] 60.90±16.80 80.74±14.60 79.46± 5.92 46.63±28.00 70.20±28.34 86.74± 9.87 52.66±39.18 65.37±38.95 76.83±25.80 52.99±31.89 69.43±27.39 74.47±22.94 53.29± 5.85 71.44± 6.55 79.38± 5.32

MLS [15] 59.07±14.49 79.12±11.78 78.32± 7.10 48.56±26.94 71.14±24.65 85.14± 9.66 55.00±40.41 66.89±36.94 69.44±31.02 54.18±30.27 69.32±24.98 69.14±26.45 54.20± 4.33 71.62± 5.30 75.51± 7.71

KLM [15] 61.36± 9.13 80.25± 8.45 76.51± 7.33 51.45±21.07 72.20±20.86 84.90± 8.74 48.52±32.51 64.91±32.16 83.59±15.78 54.58±21.71 70.51±22.12 78.68±15.51 53.98± 5.51 71.97± 6.34 80.92± 3.98

ASH-s [6] 62.47±17.03 83.09±14.80 78.92± 6.08 49.56±27.30 74.63±28.06 85.70±10.10 55.66±38.40 72.99±33.88 75.31±25.83 56.93±28.24 76.21±26.17 73.08±21.99 56.15± 5.30 76.73± 4.44 78.25± 5.52

GradNorm [17] 73.72±13.76 88.56± 8.46 69.71±12.64 69.32±18.42 84.27±15.39 73.69±12.54 56.18±42.18 65.91±40.84 63.75±38.58 60.16±31.81 69.87±29.69 61.34±32.68 64.84± 8.08 77.15±10.96 67.12± 5.62

TempScale [8] 66.08± 9.07 84.48± 9.03 80.44± 4.90 56.63±21.82 77.54±20.43 86.50± 7.35 54.44±33.51 71.28±32.94 81.24±20.07 58.52±22.72 75.53±23.07 78.08±17.67 58.92± 5.06 77.21± 5.51 81.57± 3.55

MSP [13] 68.81± 7.46 87.78± 6.59 79.90± 4.96 60.65±17.82 82.50±15.60 85.90± 6.86 57.20±31.21 75.84±29.75 81.02±19.61 62.36±20.67 79.69±20.80 77.65±17.13 62.26± 4.87 81.45± 5.02 81.12± 3.48

ASH-b[6] 86.50±12.01 95.60± 6.19 64.45±12.66 80.47±22.16 92.57±13.26 66.32±17.46 82.30±31.94 86.63±31.73 56.08±24.90 81.82±25.97 88.67±23.04 53.50±20.24 82.77± 2.60 90.87± 4.01 60.09± 6.25

RankFeat [36] 92.35± 6.82 97.69± 3.73 50.49± 9.07 89.03±13.13 95.33±10.32 53.74±14.28 92.55±16.73 96.19±11.37 35.92±22.19 93.83± 7.29 97.21± 5.52 36.05±11.24 91.94± 2.05 96.60± 1.06 44.05± 9.41

Table 6. Average OOD detection performance measured as FPR at 95% and 99% TPR, reported per method and OOD category (near, far, extreme, and synthetic). Results are
shown as mean ± standard deviation over three random seeds, two architectures (ResNet18 and CCT), and four tasks (Almond, Wheat, Kernels, and Food-grade). The arrow (↓)
indicates that lower values are better. Cells are color-coded from blue (high performance) to white (low performance). Additionally, best and second-best results in each column
are highlighted in bold and underlined, respectively. All values are reported as percentages, and methods are sorted based on their average FPR99 score.



Figure 8. Illustrative examples of the dataset’s quality control process across six representative classes. Each row displays images from a
single class, beginning with three accepted reference samples (left), followed by seven examples of rejected items (right) that were flagged
during the cleaning process.



Figure 9. Samples for each class of the ICONIC-444 dataset (1/3), best viewed on screen.



Figure 10. Samples for each class of the ICONIC-444 dataset (2/3), best viewed on screen.



Figure 11. Samples for each class of the ICONIC-444 dataset (3/3), best viewed on screen.



(a) ImageNet [5] (b) iNaturalist [40]

(c) Places365 [48] (d) Textures [4]

Figure 12. Randomly selected samples (36 per dataset) from the Extreme OOD set.

Figure 13. Examples of two randomly selected samples from each of the 25 synthetic OOD classes.
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