ISVL++: Towards a Unified Framework for Accurate Anomaly Localization in
Challenging Industrial Settings

Xing-ao Wang! *  Zijun Zhou!
Cheng Tao®

Yibo Zhang!
Xiaonan Wang?

Zihe Xiao!  Zifan Shen?

Tiancan Mei*

1School of Remote Sensing and Information Engineering, Wuhan University
2School of Artificial Intelligence, Wuhan University
3Hexagon Manufacturing Intelligence
4School of Electronic Information, Wuhan University

1'2'4{xingaowang, zzjivan, zybWHU, xiaozihe, aizigiangSZF, mtc}@whu.edu.cn

3{cheng .tao, xiaonan.x. wang}@hexagon .com

Submission Information: Industrial Track, Regular setting

Abstract

In this project, we present a unified anomaly detection
framework for the CVPR Workshop 2026 Visual Anomaly
and Novelty Detection Challenge, with a focus on unsuper-
vised defect detection in complex industrial environments.
Our method is built upon a reconstruction-based anomaly
detection paradigm and further incorporates anomaly syn-
thesis to enhance the model’s ability to distinguish nor-
mal patterns from abnormal ones. In contrast to most ex-
isting anomaly detection methods that only produce con-
tinuous anomaly score maps, we further design an adap-
tive threshold selection strategy for anomaly binarization.
Specifically, building on the conventional statistical bina-
rization rule of u + ko, we cast threshold selection as
the optimization of the coefficient k, which is tuned us-
ing synthetic anomalies for TEST,,;, and further adapted
with both lighting simulation and synthetic anomalies for
TEST priv,miz, thereby yielding a more reliable threshold
for binary mask generation. The resulting coarse masks are
then further refined by HQ-SAM to improve boundary qual-
ity and segmentation accuracy. Experimental results on the
MVTec AD 2 dataset demonstrate that our method achieves
competitive performance across multiple object categories.
Code is available at i sv1++.

1. Introduction

Visual anomaly detection is a crucial component of quality
assurance in modern manufacturing systems. By identify-
ing deviations from the normal appearance of products, it
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improves both product reliability and process quality. [14]

Unsupervised anomaly detection (UAD) aims to iden-
tify abnormal patterns and localize anomalous regions us-
ing only normal training samples [6, 25]. This setting is
particularly relevant to industrial inspection, where defec-
tive samples are often rare, diverse, or unavailable during
training. By modeling the distribution of normal data, UAD
methods can detect deviations without requiring exhaustive
annotations of all possible defect types, making them well
suited to real-world manufacturing scenarios.

Existing industrial anomaly detection methods can be
broadly categorized into memory bank-based approaches
[9, 10, 22], reconstruction-based approaches [1, 2, 12, 13,
16, 21] and distillation-based approaches [3, 5, 11, 20, 23].
Despite their architectural differences, most of these meth-
ods follow the same core principle: since only anomaly-
free samples are observed during training, anomalous re-
gions are expected to produce unusual feature responses or
reconstruction errors that deviate from the learned normal
distribution.

Although recent methods have achieved strong perfor-
mance on standard benchmarks such as MVTec AD [4] and
VisA [26], their deployment in real industrial environments
remains challenging. Existing benchmarks often fail to cap-
ture the full complexity of practical inspection settings, in-
cluding variations in illumination, background clutter, ob-
ject appearance, and defect morphology. As a result, strong
benchmark performance does not always translate into ro-
bust anomaly detection under real-world conditions.

To address these limitations, the recently introduced
MVTec AD 2 dataset [15] provides a more challenging
and realistic benchmark for industrial anomaly detection.
It contains eight industrial scenarios with more than 8,000
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high-resolution images acquired under diverse lighting con-
ditions. In comparison to earlier anomaly detection bench-
marks, MVTec AD 2 presents a set of more challenging and
practically relevant scenarios, such characteristics make the
dataset a considerably more challenging testbed for assess-
ing the robustness and real-world applicability of anomaly
detection methods.

1.1. Challenge Description

We identify two main challenges when performing unsuper-
vised anomaly detection on MVTec AD 2 [15].

Challenge 1: Robustness under varying industrial sce-
narios. MVTec AD 2 poses a substantially greater chal-
lenge than earlier anomaly detection benchmarks due to its
wide range of industrial scenarios and pronounced varia-
tions in appearance, imaging conditions, and defect char-
acteristics. In particular, the dataset includes transparent
and reflective objects, overlapping structures, dark-field and
backlight illumination, large intra-class variation among
normal samples, and extremely small defects. These factors
make it considerably more difficult to learn a stable model
of normality from anomaly-free training data alone. More-
over, each scenario is evaluated under multiple lighting con-
ditions, requiring anomaly detection methods to generalize
under realistic distribution shifts rather than overfit to a spe-
cific acquisition setting.

Challenge 2: Adaptive anomaly binarization. Beyond
robust anomaly scoring, practical industrial inspection also
requires accurate binary defect masks. However, most
existing anomaly detection methods produce continuous
anomaly score maps instead of directly yielding binary pre-
dictions. This issue becomes even more pronounced on
MVTec AD 2, where the score distribution can vary sig-
nificantly across object categories and lighting conditions.
Consequently, a fixed binarization rule often fails to pro-
duce reliable segmentation masks across different scenar-
ios. This makes adaptive threshold selection a critical com-
ponent for converting anomaly score maps into accurate bi-
nary predictions under varying imaging conditions.

2. Methodology

The pipeline of our method is illustrated in Fig. 1, which
consists of three important parts: dataset pre-processing,
model design and results post-processing.

2.1. Dataset pre-processing

Adaptive Overlap Cropping. MVTec AD 2 contains
high-resolution product images, making direct training and
inference computationally expensive. Meanwhile, defects

often occupy only small local regions. To improve lo-
cal anomaly sensitivity while reducing the computational
burden, we adopt a dataset pre-processing strategy termed
Adaptive Sliding Crop.

Specifically, each image is partitioned into fixed-size
patches of 1024 x 1024 using an overlap-aware sliding win-
dow. Given a target overlap ratio p, which is 0.2 in the work,
the nominal stride is defined as s(1—p), where s denotes the
window size. The crop positions along both horizontal and
vertical directions are then uniformly adjusted such that the
first and last windows align exactly with the image bound-
aries, thereby ensuring complete image coverage without
missing peripheral regions. For images smaller than the pre-
defined window size, boundary-replication padding is ap-
plied to maintain a consistent input size. The same cropping
procedure is applied to the training, validation, and test sets.
In addition, to preserve global contextual information, we
also retain the original full-resolution training images and
include them together with the cropped patches in the final
training set.

Anomaly synthesis. We observe that structural anomalies
in industrial inspection often exhibit recurring and visually
similar patterns. In particular, two relatively stable defect
types are frequently encountered: linear defects, such as
cracks and scratches, and blocky defects, such as contami-
nation and local material corruption. Based on this obser-
vation, we construct an anomaly library for synthetic data
generation. Specifically, for blocky defects, which are rela-
tively easy to simulate and exhibit diverse shapes, we ran-
domly crop irregular patches from arbitrary images in exter-
nal datasets, such as MVTec AD [4] and VisA [26], to serve
as defect patterns. In contrast, linear defects are more chal-
lenging to simulate and tend to have relatively fixed shapes;
for example, we crop anomalous regions from the crack cat-
egory in the tile subset of MVTec AD and from several im-
ages in the screw category construct linear defect patterns.

To generate realistic pseudo-anomalous samples, we first
extract the foreground region of each training image. This
step is performed using SAM3 [7] with the correspond-
ing category name as the text prompt. Since SAM3 does
not always produce satisfactory foreground masks for all
categories, we further employ the Foreground Estimating
Branch proposed in CPR [18] as a fallback strategy for fore-
ground extraction when necessary. We then paste anomaly
patches from the anomaly library onto the extracted fore-
ground regions to synthesize anomalous samples. The syn-
thesis process is performed on the original-resolution train-
ing images to better preserve realistic defect scale and ap-
pearance, after which the synthesized images are resized to
640 x 640. Following this procedure, we generate 1024
synthetic anomalous images for each category, which are
subsequently used for model training.
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Figure 1. Our proposed framework, containing data preprocessing, anomaly detection and result postprocessing..

2.2. Model Design

2.2.1. Approach

We adopt INP-Former [21] as the backbone of our frame-
work, motivated by the characteristics of MVTec AD 2.
While some categories exhibit relatively regular local pat-
terns, many others contain substantial intra-category sub-
image variations, which requires the model to capture di-
verse normal visual structures in a flexible manner.

INP-Former is well suited to this setting, as its prototype-
based design enables effective modeling of normal patterns
and better generalization across heterogeneous sub-image
variations. In our training pipeline, only normal training
images are used as the data source. To further enhance
the model’s discriminative ability, we additionally construct
synthetic anomalous samples from the normal images and
use them as auxiliary supervision during training. In this
way, the model learns to better distinguish normal pat-
terns from abnormal perturbations without relying on real
anomalous training samples. Moreover, we train one model
for each product category, allowing the framework to better
fit its category-specific normal distribution.

2.2.2. Architecture

Our framework is built upon INP-Former, with several
modifications tailored to the challenge setting. The model
mainly consists of a pretrained visual encoder, a prototype-

guided reconstruction branch, and an additional residual-
based segmentation branch.

Backbone encoder. We replace the original feature ex-
tractor with DINOv3 ViT-H/16 Plus [24], whose stronger
representation capacity provides more discriminative fea-
tures for industrial anomaly detection. To reduce com-
putational cost while preserving sufficient defect details,
each cropped sub-image of size 1024 x 1024 is resized to
512 x 512 before being fed into the network.

Prototype-guided reconstruction branch. For normal-
ity modeling, we retain the prototype-guided reconstruction
paradigm of INP-Former and adapt it to the DINOv3 back-
bone. Specifically, we extract intermediate features from
transformer blocks {8, 11,14, 17,20, 23,26,29}. To ob-
tain more stable multi-level representations, we group adja-
cent layers into four feature groups, i.e., {8,11}, {14,17},
{20, 23}, and {26, 29}, for both encoder-side and decoder-
side fusion. The reconstruction discrepancy between en-
coder and decoder features is then used as the primary
anomaly cue.

Residual segmentation branch. Beyond the original
INP-Former reconstruction pipeline, we introduce an addi-
tional residual segmentation head to improve anomaly lo-



calization. This branch operates on the multi-level discrep-
ancies between encoder and decoder features. Specifically,
for each fused feature level, we compute the absolute fea-
ture difference and the cosine dissimilarity, and concatenate
them as complementary residual cues. These residual fea-
tures are first projected into a shared hidden space and then
concatenated for joint fusion.

To recover dense pixel-level predictions, we further em-
ploy a 4-stage upsampling decoder. Concretely, the fused
residual representation is progressively upsampled through
four transposed-convolution blocks, each followed by a
convolution, batch normalization, and ReLU activation.
The channel dimension is gradually reduced during this pro-
cess, and a final 1 x 1 convolution is applied to produce
a one-channel anomaly logit map at the target output res-
olution. During inference, the final anomaly map is ob-
tained by a weighted combination of the reconstruction-
based anomaly response and the probability map predicted
by the residual segmentation head.

2.3. Training

We adopt a decoupled training strategy for the reconstruc-
tion branch and the residual segmentation branch. Follow-
ing the challenge protocol, only normal images from the of-
ficial training split are used as real training data, while syn-
thesized anomalous images are introduced as auxiliary su-
pervision for training only the residual segmentation head.

To improve robustness to diverse illumination condi-
tions, we apply a photometric augmentation pipeline dur-
ing training, including random exposure and gamma adjust-
ment, directional illumination gradients, shadow and high-
light simulation, vignetting, and mild additive noise. This
augmentation encourages the model to learn illumination-
invariant normal representations rather than overfitting to
specific imaging conditions.

For the reconstruction branch, we optimize the trainable
INP-Former modules using StableAdamW with a learning
rate of 5 x 1074, f; = 0.9, By = 0.999, weight decay
= 107°, and ¢ = 10719, The reconstruction objective
combines the reconstruction loss and the gather loss with
weights 1.0 and 0.2, respectively. We use a warmup cosine
decay schedule, where the learning rate is warmed up for
the first 100 iterations and then decayed from 5 x 10~ to
1 x 10~ over the full training process.

For the residual segmentation branch, we use synthe-
sized anomaly images with binary masks for supervision.
These samples are first forwarded through the current INP-
Former to obtain encoder—decoder features, from which
multi-level residual maps are constructed and fed into the
segmentation head. Importantly, the segmentation loss is
used only to optimize the residual head, while the recon-
struction branch remains frozen by default. We optimize
this branch with a separate StableAdamW optimizer using

an initial learning rate of 3 x 10~ and a final learning rate
of 1 x 10~°, while keeping the same 3 values, weight decay,
and e. The supervision is applied with a Dice and BCE loss.
The segmentation branch starts to be optimized from epoch
1 and is updated once every two training iterations, with a
warmup cosine decay schedule using 20 warmup iterations.

By default, we use a batch size of 8 for both nor-
mal training images and synthesized anomaly images, train
the model for 12 epochs, and use up to 512 synthesized
anomaly samples per category. In addition, gradient clip-
ping with a maximum norm of 0.1 is applied to both op-
timization branches for stable training. During inference,
the segmentation branch is assigned a fusion weight of
0.03 when combining its prediction with the reconstruction-
based anomaly map.

2.4. Result Post-processing

During inference, our method predicts an anomaly map for
each sub-image, where each pixel indicates the likelihood of
being anomalous. To obtain the final binary segmentation
mask for the original high-resolution image, we employ a
three-stage post-processing pipeline.

(1) Anomaly map merging. Since inference is per-
formed on sub-images, we first restore all anomaly pre-
dictions to the original image space. Specifically, each
sub-image anomaly map is placed back to its correspond-
ing position in the high-resolution image according to the
cropping coordinates recorded during preprocessing. For
overlapping regions between adjacent sub-images, the final
anomaly score is computed by pixel-wise averaging. This
procedure produces a merged anomaly map at the original
image resolution.

(2) Category-adaptive thresholding. After merging,
we convert the full-resolution anomaly map into an initial
binary mask by thresholding. Following the strategy of the
original MVTec AD 2 paper, we define the threshold for
category c as

Tc = Ue¢ + kom

where p. and 0. denote the mean and standard deviation of
the pixel-wise anomaly scores, respectively, computed on
the merged full-resolution validation images. By default,
we set k. = 5.

However, since the optimal threshold coefficient may
vary across categories, we further refine k. using a synthetic
validation protocol. Specifically, we construct pseudo-
anomalous validation samples by anomaly synthesis with
the DTD dataset [8], and then search for the category-
specific optimal coefficient &} on the synthesized validation
set. The final coefficient is determined by averaging the de-
fault and data-driven choices:
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The initial binary mask is then obtained by thresholding the
merged anomaly map with 7.

It is worth noting that TEST,,,.;, and TEST 140 mized
differ in lighting conditions, we perform an additional round
of category-adaptive thresholding for TEST iy mized-
Specifically, we incorporate lighting simulation during
threshold calibration and re-optimize the category-specific
threshold, which is then used to obtain the final results.

(3) HQ-SAM refinement. To further improve mask
quality, following Robis [19], we adopt a SAM-Finer-style
refinement strategy based on HQ-SAM [17]. Given the ini-
tial binary mask, we first identify its connected components
and select at most the top three components according to
region area. For each selected component, we extract its
minimum bounding rectangle and use it as a box prompt for
HQ-SAM to refine the corresponding abnormal region. The
refined masks produced for all selected components are fi-
nally combined through a union operation to generate the
final segmentation result. This refinement step improves
boundary quality and helps recover more accurate abnormal
regions from the coarse thresholded mask.

2.5. Dataset & Evaluation

We conduct experiments on MVTec AD 2. The complete
dataset pre-processing workflow and technical details of our
data augmentation strategies are documented in Section 2.1.

2.5.1. Evaluation Criteria

To evaluate the performance of our anomaly detection
model, we used the official evaluation protocol. The pri-
mary metric is the F} score, which is the harmonic mean of
precision and recall at the pixel level across different testing
environments and objects in the MVTec AD 2 dataset.

The F} score is calculated as:

2 x Precision x Recall
Fi =

1
Precision + Recall M
where Precision is the ratio of true positive (TP) pixels to
the total predicted positive pixels, and Recall is the ratio of
TP pixels to the total actual positive pixels.

2.6. Evaluation Setting

We strictly adhere to the official regular setting of the chal-
lenge. Specifically, we do not use the MVTec AD 2 vali-
dation set for model training, nor do we use the test_public
split for threshold selection.

3. Results

3.1. Performance Metrics

As shown in Tab 1, Our method achieves 58.31% Seg-
F1 on TEST,;, and 53.75% Seg-F1 on TEST,;s4 mized-
Furthermore, it indicate that our approach performs ro-
bustly across various objects, with consistent performance

Table 1. Quantitative results on TEST .5 / TEST priv, mia set.

Object AucPro0.05 ClassF1  SegF1
Private

Can 38.89 4291 21.15
Fabric 74.24 83.16 88.55
Fruit Jelly 69.77 88.77 61.37
Rice 78.59 81.01 66.17
Sheet Metal 79.49 89.07 71.9

Vial 81.05 88.78 51.61
Wall Plugs 71.24 76.41 35.97
Walnuts 82.66 88.35 69.77
Mean 71.99 79.81 58.31

Private Mixed

Can 31.52 56.45 3.55

Fabric 75.72 82.19 84.94
Fruit Jelly 69.59 89.51 61.32
Rice 78.89 80 66.84
Sheet Metal 79.98 87.24 69.47
Vial 77.22 86.65 49.96
Wall Plugs 57.89 74.09 24.6

‘Walnuts 78.61 81.72 69.29
Mean 68.68 79.73 53.75

even under changes in lighting. Notably, wallnuts achieved
the highest score of 82.66% for TEST),;,. Objects such
as fabric, fruit jelly, rice, vial, and walnuts show high
AucPROy o5 scores, consistently above 65%.

Overall, the TEST,,,;,, conditions yield slightly higher
AucPROy g5 scores than the TEST),iy miz conditions,
suggesting that lighting variations have a noticeable but
manageable impact on the model’s performance.

3.2. Comparison

As shown in Tab. 2, our method outperforms most base-
line approaches across the majority of object categories on
both official private test sets. Notably, compared with ISVL,
the first-place submission of the previous edition, our uni-
fied framework achieves higher overall Seg-F1 by 4.50%
points on TEST),,.;, and 2.32% points on TEST 54 mizeds
despite not relying on multi-model ensembling. :con-
tentReference[oaicite:1]index=1 This result highlights the
effectiveness of our design and suggests that a single,
well-structured framework can already outperform stronger
ensemble-based competitors. In particular, our method
achieves 35.97%/24.60% Seg-F1 on Wall plugs, further
demonstrating its advantage on challenging categories.



Table 2. Comparison of segmentation F; score (in %) across different methods on binarized images for TEST i, / TEST priv,mia set.

Object Ours ISVL RD RD++ EfficientAD  MSFlow  SimpleNet DSR
Can 21.15/3.55 17.03/9.21 0.1/0.1 0.1/0.1 0.8/0.1 5.0/0.1 0.6/0.1 04/0.1
Fabric 88.55/84.94 8495/81.76 2.6/22 29/23 7.6/1.0 220/4.1 21.6/102 79/50
Fruit Jelly 61.37/61.32 68.1/67.76 225/227 269/2677 208/18.2 47.6/38.1 25.1/230 179/17.2
Rice 66.17/66.84 66.34/6693 7.0/3.9 95729 15.0/0.5 19.1/1.8 11.6/1.0 1.5/14
Sheet Metal 71.9/69.47 69.69/69.74 41.3/39.2 40.9/37.7 9.3/3.8 13.0/7.6 146/28 139/144
Vial 51.61/49.96 44.01/42.12 28.0/283 282/228 30.5/265 233/62 319/175 28.2/279
Wall Plugs 3597/24.6 11.99/6.24 1.9/0.8 1.3/0.9 44/0.3 0.1/0.2 1.0/0.3 04/04
Walnuts 69.77/69.29 68.34/67.65 41.2/36.7 44.1/40.5 34.6/133 445/143 352/143 17.0/9.6
Mean 58.31/53.75 53.81/51.43 18.1/16.7 19.2/16.7 15.4/8.0 21.8/9.0 17.7/87 109/9.5
4. Discussion 4.3. Future Work

4.1. Challenges & Solutions

Challenge 1: Robustness under varying industrial sce-
narios. A major challenge of the task is the large variation
in appearance across industrial scenarios, including changes
in illumination, object structure, and background complex-
ity. To address this issue, we adopt a stronger visual back-
bone and further combine reconstruction-based anomaly
detection with anomaly synthesis. The stronger encoder
improves the representation of complex normal patterns,
while the synthesized anomalies provide additional abnor-
mal cues during training. Together, these designs enhance
the model’s robustness and improve its ability to detect
anomalies under challenging real-world conditions.

Challenge 2: Adaptive anomaly binarization. Another
key challenge is anomaly binarization. Since most meth-
ods produce continuous anomaly score maps, a fixed thresh-
old often fails under different categories and lighting con-
ditions. To address this issue, we adopt a statistical bina-
rization rule of u + k - o and cast threshold selection as
the optimization of the coefficient k. Specifically, we tune
k on synthesized anomalies from the validation set using
DTD dataset, and further incorporate lighting simulation for
TEST priv,mizea to improve robustness under illumination
shifts. This strategy yields more adaptive and reliable bi-
nary predictions across different test scenarios.

4.2. Model Efficiency

In terms of computational efficiency, our method achieves
an average inference time of 1, 064 ms per image on an
RTX 4090 GPU. The runtime is estimated from the in-
ference speed reported by the program progress bar during
model execution, with the additional runtime introduced by
the HQ-SAM refinement stage also taken into account.

Although our method achieves promising performance
overall, there remains substantial room for improvement on
several challenging categories. We identify two main direc-
tions for future research.

First, improving the detection of small defects remains
an important open problem. Based on our current results,
can is the most challenging category, and its performance
differs markedly between TEST ,;,, and TEST i mized-
A closer examination shows that the model tends to mis-
classify specular highlights as anomalies, especially under
the more complex mixed-lighting setting. This observation
suggests that future work should place greater emphasis on
distinguishing true small-scale defects from illumination-
induced artifacts, such as highlights and local reflections.

Second, our method could be improved by better balanc-
ing global context and local detail. In categories such as
fruit_jelly and vial, the image typically contains only a sin-
gle dominant object rather than repeated local patterns. In
such cases, the intrinsic prototypes learned from cropped
patches may be insufficient to fully characterize normality,
while the full-image structure may provide more informa-
tive global cues. A promising direction is therefore to com-
bine our current framework with memory-based methods,
which represent normality using a memory bank of patch
features and nearest-neighbor matching. Such a hybrid de-
sign may better integrate global semantic consistency with
local anomaly sensitivity, and thus further improve perfor-
mance on categories with limited structural repetition.

5. Conclusion

In this work, we presented a unified anomaly detec-
tion framework for the CVPR Workshop 2026 Visual
Anomaly and Novelty Detection Challenge. By combin-
ing reconstruction-based anomaly detection with anomaly
synthesis, our method achieves competitive performance on
MVTec AD 2, reaching 58.31% Seg-F1 on TEST,,,.;,, and
53.75% Seg-F1 on TEST iy mized, and showing strong



pixel-level segmentation ability in challenging industrial
scenarios.

A key finding of this work is that synthetic anomalies are
beneficial not only for improving the model’s discriminative
ability, but also for adaptive threshold selection. By casting
statistical binarization as the optimization of the coefficient
k in u + ko, we showed that anomaly synthesis, together
with lighting simulation, provides an effective way to obtain
more reliable binary predictions under varying illumination
conditions.
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