
T-NACD: A Tactile-friendly Novel Anomaly Class Discovery
Framework for Black Rubber Products

Long Xiao1,2, Kailin Lyu1,2, Jianing Zeng1, Xuexin Liu1,2, Zhuojun Zou1, Lin Shu1, Jie Hao1,∗

Abstract— Novel Anomaly Class Discovery (NACD) has re-
cently gained attention in industrial anomaly detection, aiming
not only to recognize defects but also to recognize fine-
grained and previously unseen anomaly types. However, ex-
isting methods, primarily based on visual images, struggle to
handle common but challenging materials such as black rubber
products. Such products often exhibit hardness anomalies and
visually indistinguishable surface defects during production due
to process instability and high material absorbance. To address
this, we present T-NACD, the first tactile-friendly framework
for NACD, leveraging tactile sensing to detect subtle geometric
anomalies that are invisible to vision. We introduce two tactile-
specific data augmentation methods and design a lightweight
feature adapter to transfer visual pre-trained models to the tac-
tile domain without the need for large-scale training. Moreover,
we propose a dual-margin enhanced entropy regularization
method to mitigate forgetting of known categories and reduce
feature stocking across similar anomaly classes. To support this
study, we collect BRD, the first real-world tactile dataset for
black rubber anomaly detection, including BRD-A (surface and
hardness defects) and BRD-H (diverse hardness anomalies).
Experimental results show that T-NACD outperforms visual
SOTA methods by 6.9% and generalizes well to other non-
industrial tactile detection tasks.

I. INTRODUCTION
Novel Anomaly Class Discovery (NACD) [1] has recently

emerged as a new paradigm for industrial anomaly detec-
tion [2], [3]. Unlike traditional approaches that merely local-
ize visual anomaly regions without identifying fine-grained
types [4], NACD aims to recognize specific categories of
anomalies such as cracks and dents, and even discover
entirely unseen classes. While several anomaly clustering
methods [5], [6] have shown promising results in visual
anomaly detection tasks, they still face substantial challenges
when applied to specific materials and defect types. For ex-
ample, black rubber products are particularly challenging
for visual inspection due to their low reflectance and matte
surface texture [7], [8]. As illustrated in Figure 1(a), conven-
tional visual methods suffer severe performance degradation
on such materials. Specifically, these products often exhibit
hardness anomalies (e.g., overly soft) due to manufactur-
ing defects, yet such differences are entirely undetectable
through visual inspection [9]. Moreover, the uniformly dark
and matte surface makes it extremely difficult to identify
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Fig. 1: (a) Visual NACD methods perform poorly on anomaly
detection tasks for black rubber products, and incorporating
tactile images provides only limited improvement. (b)The
low variance between normal and anomalous samples in
black rubber leads to feature space overlap, which is effec-
tively mitigated by T-NACD.

fine-grained surface defects like cracks, impurities, dents, and
rough edges using optical imaging [10], [11].

Due to the inherent limitations of visual modalities in
handling such cases, we propose the first attempt to detect
anomalies in black rubber products using tactile sensing
instead of vision. Tactile images, acquired via vision-based
tactile sensors [12], [13], record fine-grained surface topol-
ogy and pressure distribution at the microscale. These sensors
offer high geometric sensitivity and structural discriminabil-
ity without damaging the target object [14], making them
especially suitable for detecting texture variations and micro
defects that are visually imperceptible [15].

Despite being represented in RGB form, tactile images
differ significantly from visual ones and introduce several
unique challenges: (1) Compared to visual images, tactile
images contain denser and finer-scale geometric deformation
information, with less emphasis on color and global con-
text [12], [13]. Existing methods trained solely on visual
data often fail to capture the essential features of tactile
inputs [16]. (2) The same type of defect can appear dif-
ferently across black rubber products, while different defect
types on the same products may exhibit only subtle local
differences in tactile form, leading to significant feature
stocking between different classes, as shown in Figure 1(b).
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Existing methods on fine-grained datasets primarily rely on
the rich semantic information in visual images [17], [18].
For example, different bird species may share similar shapes
but vary in feather color and organ structures [19]. However,
in the case of black rubber products, tactile images from
different classes are almost identical in color and across most
regions. This makes anomaly detection very challenging.

To address these issues, we propose T-NACD, the first
tactile-friendly framework for novel anomaly class discovery.
Specifically, we introduce two tactile-specific data augmen-
tation methods and a lightweight feature adapter to bridge
the gap between pre-trained visual backbones and tactile
inputs, enhancing the model’s ability to extract features from
tactile images with limited training samples. We further
propose a Dual-Margin Enhanced Entropy Regularization
Method (DMER) to alleviate feature stocking across sim-
ilar anomaly classes and mitigate the forgetting of known
information. To evaluate our approach, we construct the first
real-world tactile dataset BRD for black rubber anomaly
detection. This includes two subsets: BRD-A, covering all
surface and hardness-related defects, and BRD-H, which
provides more diverse hardness anomaly cases. Experimental
results demonstrate that our method outperforms state-of-
the-art visual baselines on both datasets. In addition, we
demonstrate that T-NACD can serve as a general tactile
anomaly detection framework and generalize to other
non-industrial tactile datasets for texture detection tasks.

Our main contributions are summarized as follows:
1) We propose T-NACD, the first tactile-friendly frame-

work for novel anomaly class discovery, enabling
reliable detection of defects in black rubber products.

2) We present two tactile-specific augmentation methods
and a lightweight feature adaptor to transfer visual pre-
trained backbone to the tactile domain without large-
scale training.

3) We introduce a dual-margin enhanced entropy regu-
larization (DMER) method to mitigate forgetting of
known categories and reduce feature stocking between
low-variance classes.

4) We build BRD, the first tactile dataset for black rub-
ber surface and hardness anomaly detection. Ex-
periments show that T-NACD surpasses visual SOTA
methods by 6.9% on BRD, and achieve best perfor-
mance on two mainstream tactile datasets, demonstrat-
ing its generality.

II. RELATED WORKS

A. Tactile Sensing in Open World

To address the limitations of visual sensing, tactile percep-
tion has been widely applied to tasks such as unknown-object
recognition [20] and texture classification [21]. Conventional
tactile systems based on tactile array sensors capture only
part of the rich interactions that occur during manipulation
and therefore often fail to represent the full spectrum of tac-
tile information [20]. In contrast, vision-based tactile sensors
provide high-resolution, fine-grained descriptions of object

surfaces and currently constitute the dominant approach to
tactile sensing [12], [13]. Accordingly, in this work we use
the GelSight Mini to acquire tactile images.

B. Industrial Anomaly Detection

Industrial anomaly detection [2], [3] initially focused
solely on distinguishing between normal and defective prod-
ucts, without identifying the fine-grained types of anomalies.
With the advancement of multi-class anomaly detection [22],
several anomaly clustering methods [5], [6] have been pro-
posed to localize anomaly regions and group them based on
shared characteristics. However, these methods are inherently
limited in their ability to recognize previously unseen anoma-
lies. AnomalyNCD [1] made the first attempt to leverage
prior knowledge from known anomaly classes to identify
novel ones. Nevertheless, its reliance on labeled anomalous
samples hinders its applicability in industrial settings. In
this work, we achieve anomaly detection for black rubber
products without requiring any labeled anomalous samples.

C. Novel Class Discovery

Novel class discovery (NCD) [23], [24] has been widely
applied in fields such as medical image classification [25],
[26] and semantic segmentation [27]. It trains models using
a small set of labeled data alongside a large amount of
unlabeled data, enabling the recognition of previously unseen
classes. When the unlabeled dataset contains instances from
both known and unknown classes, the task becomes gener-
alized category discovery (GCD) [28], which better reflects
real-world scenarios. SimGCD [17] was the first to combine
contrastive learning with pseudo-label supervision to enhance
the model’s ability to recognize unknown categories, but it
suffers from severe catastrophic forgetting. LegoGCD [18]
alleviates this issue by introducing local entropy regulariza-
tion, but struggles to distinguish between visually similar
classes. In this work, we adopt the GCD setting to better
align with industrial anomaly detection scenarios and specifi-
cally address the performance degradation of visual methods
on black rubber tactile images.

III. METHODOLOGY

In this section, we first present the problem definition of
NACD (Section III-A) along with the preliminaries (Sec-
tion III-B). We then introduce the Tactile-specific Feature
Extractor (Section III-C), followed by the Dual-Margin
Enhanced Entropy Regularization (DMER) (Section III-D),
and the Total Loss (Section III-E). Figure 2 illustrates the
proposed T-NACD framework.

A. Problem Definition

We divide the entire dataset into two parts: Dl and Du.
Dl = {(xi, yi)}Mi=1 ∈ X ×Yl represents the labeled portion,
where Yl is the set of classes for the labeled samples.
Du = {(xi, yi)}Ni=1 ∈ X × Yu represents the unlabeled
portion, where Yu is the set of classes for the unlabeled
samples. In the NACD setting, the unlabeled samples may
contain novel classes that are not present in the labeled
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Fig. 2: Overall pipeline of T-NACD framework. It employs a Tactile-Specific Feature Extractor to address noisy, domain-
misaligned tactile data and transfer representations from the visual to the tactile domain. It further integrates Dual-Margin
Enhanced Entropy Regularization (DMER) to stabilize known-class information and reduce feature stocking, enhancing
separability and generalization. Together, these components enable generalized novel class discovery in tactile sensing.

samples, meaning Yl ⊆ Yu. The set of novel classes is
denoted as Ynovel = Yu \Yl. In our method, the total number
of classes |Yu| is treated as prior knowledge, consistent with
previous works [17], [18]. More task settings can be found
in Section IV-C.

B. Preliminaries
We adopt a parametric clustering framework commonly

used in GCD methods [17], [18]. It consists of two modules:
representation learning and parametric classification. In the
representation stage, we adopt a ViT-B/16 backbone [29]
pretrained with DINO [30] on ImageNet, and perform super-
vised contrastive learning on labeled data and unsupervised
contrastive learning on all data. Formally, given two views
(random augmentations) xi and x′

i of the same image in a
mini-batch B, the unsupervised contrastive loss is written as:

Lu
rep =

1

|B|
∑
i∈B

− log
exp

(
z⊤i · z′i/τu

)∑i ̸=n
i exp

(
z⊤i · z′n/τu

) , (1)

where zi = g(f(xi)), f is the feature backbone, and the
projection head g is a multi-layer perceptron (MLP). τu is
the temperature for the unsupervised loss. The objective of
the supervised contrastive loss is to encourage the model to
bring samples with the same class label closer in the feature
space, formally written as:

Ls
rep =

1

|Bl|
∑
i∈Bl

1

|Ni|
∑
q∈Ni

− log
exp

(
z⊤i · z′q/τc

)∑
i ̸=n exp

(
z⊤i · z′n/τc

) ,
(2)

where Ni is the set of indices of images that share the same
label with xi in the mini-batch Bl. The overall representation
learning loss is balanced with λ: Lrep = (1−λ)Lu

rep+λLs
rep,

where Bl corresponds to the labelled subset of B.
For classification, we employs a self-distilled prototype

classifier with C = {c1, . . . , cK}, K = |Yl∪Yu|. For feature
hi = f(xi), the probability of class k is

p
(k)
i =

exp
(

1
τs
(hi/∥hi∥2)⊤(ck/∥ck∥2)

)∑
k′ exp

(
1
τs
(hi/∥hi∥2)⊤(ck′/∥ck′∥2)

) . (3)

Using pseudo labels q′i for augmented views, the unsuper-
vised and supervised classification losses are

Lu
cls =

1
|B|

∑
i∈B

ℓ(q′i, pi), Ls
cls =

1
|Bl|

∑
i∈Bl

ℓ(yi, pi). (4)

To stabilize unsupervised learning, we employ the mean-
entropy regularizer from SimGCD [17], defined as H(p) =∑

k p(k) log p(k), where p = 1
2|B|

∑
i∈B(pi + p′i). The

classification objective is

Lcls = (1− λ)(Lu
cls − ϵH(p)) + λLs

cls. (5)

C. Tactile-specific Feature Extractor

Since the visual and tactile domains are not perfectly
aligned, this misalignment hinders effective feature extrac-
tion from tactile images [16]. In this work, we attempt to
bridge the gap between the visual and tactile domains from
two complementary perspectives.
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Tactile-specific data augmentation. In works such as
SimGCD, random augmentations [28], [17] are commonly
used to improve the robustness of visual representations.
However, in the context of black rubber products defect
detection, we are particularly concerned with fine-grained
texture patterns and subtle color variations along the im-
age boundaries. To address these challenges, we propose
two tactile-specific augmentation strategies: i) Edge color
contrast enhancement: We slightly increase the image
contrast and brightness while keeping saturation and hue
unchanged. This highlights subtle color variations along the
edges of tactile images, making defects more distinguishable.
ii) Localized Gaussian noise: Due to uneven contact forces
during acquisition, tactile images may suffer from partial
information loss. To simulate this, we divide each image
into N patches and randomly add Gaussian noise to selected
regions, mimicking local signal degradation or disturbance.
This makes the augmented images more representative of
real-world scenarios.

We randomly apply one of the two aforementioned aug-
mentation strategies to each of the two views based on a
predefined probability threshold δaug = 0.5, in order to
enhance the realism of tactile images.

Lightweight Feature Adapter. Transformer models pre-
trained with DINO self-supervision are widely used in
anomaly detection tasks, but they are not fully adapted to
tactile images. Given that tactile data is more costly to
acquire than visual data, collecting a large-scale dataset
specifically for black rubber products would be prohibitively
expensive. To address this, we introduce a lightweight feature
adapter Gθ between the backbone and the DINO head, which
projects the learned features into the tactile domain.

Specifically, The feature adapter Gθ projects the local
feature oh,w to the adapted feature qh,w as

qh,w = Gθ(oh,w), (6)

From a theoretical perspective, this process can be formu-
lated as a statistical moment alignment problem, in which
the parameter θ is learned by minimizing the discrepancies
between the source and target domains in terms of class-wise
means and covariances:

min
θ

∑
k

(
∥µ(k)

s − µ
(k)
t ∥22 + ∥Σ(k)

s − Σ
(k)
t ∥2F

)
, (7)

where µ
(k)
s and Σ

(k)
s denote the mean and covariance of class

k in the source domain, and µ
(k)
t and Σ

(k)
t denote those

in the target domain. This optimization objective enables
the feature adaptor to alleviate distributional discrepancies
during domain adaptation, thereby enhancing the separability
and generalization of the prototype classifier. Notably, the
adaptor is constructed with simple neural modules such as
fully connected layers or multilayer perceptrons. Experimen-
tal results show that only two layers are sufficient to deliver
strong performance with minimal computational cost, further
facilitating the transfer of our method to other pretrained
models.

D. Dual-Margin Enhanced Entropy Regularization

Motivation. In the anomaly detection of black rubber
products, only subtle differences exist between normal and
anomaly samples, and even among different types of anoma-
lies, the distinctions are minimal [7], [8]. Additionally, tactile
images inherently exhibit low semantic information [14],
making it even more difficult to differentiate between classes
and often leading to feature stocking. Therefore, we argue
that for black rubber anomaly detection, it is essential to
first preserve the information of known classes, and explicitly
define boundaries between known and anomalous categories.

Unlike LegoGCD [18], which only focuses on unla-
beled samples belonging to known classes, we propose a
Dual-Margin Enhanced Entropy Regularization (DMER)
method that considers all high-confidence unlabeled samples,
and then reinforces dual margins around both the known
classes and all classes.

We first construct an initial binary mask M =
[m1,m2, . . . ,mi] ∈ {0, 1} to indicate whether each sample
is labeled (mi = 1) or unlabeled (mi = 0).

Then, for each sample xi, we obtain the predicted class
probability vector pi = [p1i , p

2
i , . . . , p

K
i ] over K classes.

A high-confidence indicator is then defined as: si =
1 (max(pi) ≥ δ), where δ is a confidence threshold. And
the predicted class label yi for sample xi is determined by:
yi = argmaxj (pi)j , i = {1, 2, . . . , b}.

Finally, we construct another two binary mask U =
[u1, u2, . . . , ui] ∈ {0, 1} and O = [o1, o2, . . . , oi] ∈ {0, 1}.
U denotes all high-confidence samples in the unlabeled
dataset, which may belong to either known or unknown
classes. And O identify high-confidence unlabeled samples
predicted as known categories. Specifically, a sample xi is
selected if it satisfies the following conditions:

ui = 1(mi = 0) · 1(si = 1), (8)

oi = 1(mi = 0) · 1(si = 1) · 1(yi ∈ Yl), (9)

where Yl is the set of known class labels.
We divide the process into two stages to separately

stabilize the information of known classes and strengthen
the boundaries among all classes. First, we use the mask
O to select high-confidence samples from the unlabeled
dataset that are likely to belong to known classes, and
compute their probability distribution pi = softmax(zi/τo).
To prevent this distribution from being biased toward
majority classes in the unlabeled dataset (i.e., anomaly
classes), we calibrate pi using the global average distribu-
tion to obtain the calibrated probability distribution di =
softmax ((zi + λd log(1/p̃i)) /τo). where τo is a tempera-
ture, λd is a calibration coefficient, and p̃i represents the
average predicted probability for each class. Then, we com-
pute the calibration loss as follows:

Lcal = − 1

B

B∑
i=1

1(oi = 1) ·
∑
k

d
(k)
i log p

(k)
i , (10)
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This loss consolidates the feature distribution of known
classes and sharpens the boundary between high-confidence
samples likely belonging to known classes and other samples
in the unlabeled dataset. However, feature stocking remains
for other anomalous samples, as their most probable class
lacks sufficient confidence, making class distinction chal-
lenging.

Therefore, we design a stronger margin-based loss to
uniformly improve the separability between classes. Specif-
ically, for each unlabeled sample, we require the predicted
probability score of the most likely class is at least a fixed
margin δm higher than that of any other class. Otherwise, an
additional penalty is applied.

Lmar = − 1

B

B∑
i=1

1(ui = 1) ·
∑
k ̸=yi

max(0, δm + p
(k)
i − p

(yi)
i ),

(11)

where yi indicates the index of the class with the highest
confidence in each probability distribution. Through this loss,
we encourage all unlabeled samples to have high confidence,
thereby reducing ambiguity.

The final dual-margin enhanced regularization loss is
defined as follows. It effectively preserves known class infor-
mation while reinforcing the distinction between categories.

Ldmer = Lcal + λm · Lmar, (12)

where λm denotes the dynamic weight of Lmar.

E. Total Loss

We build a new framework based on SimGCD by integrat-
ing the Dual-Margin Enhanced Regularization method. The
overall loss function for training the model is defined as:

L = α · (Lrep + Lcls) + β · Ldmer, (13)

where β affects the model’s ability to distinguish between
low-variance classes. Aligning with SimGCD, we set α to 1
and simultaneously adjust β, as shown in Figure 7.

IV. EXPERIMENTAL SETUP
A. Dataset

We propose the first dataset for black rubber products,
named BRD, which consists of two subsets: BRD-A and
BRD-H. BRD-A contains visual and tactile images of 8
common rubber textures. For each texture, there is one class
of normal samples and 5 classes of anomalous samples,
representing hardness anomalies, cracks, impurities, dents,
and rough edges,as shown in Figure 4. Each class contains
50 visual images and 50 tactile images, resulting in a total of
4,800 images. BRD-H contains 3 common rubber textures.
Each texture includes 5 classes of samples with different
Shore hardness levels. Each class contains 50 tactile images,
totaling 750 images. We use a robotic arm to collect the data,
as shown in Figure 3.

We also utilize the classic tactile dataset FabricVST [31]
and YCB [32] to evaluate the generalization ability of our
model. They consist of 50 and 10 categories, making it well-
suited for the novel anomaly class discovery task.

Rubber sample

Gelsight mini

Robot arm

Tactile images collection

(a) (b)

(c)

Fig. 3: Dataset collection process. (a) Data collection envi-
ronment. (b) BRD-A dataset. (c) BRD-H dataset.

Class_0 Class_1 Class_2 Class_3 Class_4 Class_5 Class_6 Class_7

Hardness 

anomalies

Normal

Impurities

Cracks

Dents

Rough edges

Fig. 4: The 48 normal and anomalous classes in BRD-A.

B. Evaluation Protocol

We use the dataset D, composed of labeled data Dl and
unlabeled data Du, to train the models. For evaluation, we
use clustering accuracy (ACC) [28] as the performance met-
ric, defined as ACC = 1

M

∑M
i=1 1(y

∗
i = p(ŷi)), where y∗i

denotes the ground-truth label, ŷi is the model’s prediction,
M = |Du|, and p represents the optimal permutation aligning
the predicted labels ŷ with the ground-truth labels y∗.

C. Implementation details

During model training, we split all data into training,
test sets in a 8:2 ratio. To align with the realistic industrial
scenario where anomalous classes are largely unknown [2],
[3], we designate the 8 normal classes in BRD-A and the 3
normal classes in BRD-H as known classes, while treating all
remaining anomalous samples as unknown. The proportion
of labeled data within the known classes is set to 50%.
This setting presents a challenging task, as previous GCD
works [17], [18] typically consider half of all classes as
known; we follow this setting in our generalization exper-
iments. All models are trained for 200 epochs. During the
representation learning phase, the temperature parameters are
set to τu = 0.07 and τc = 1.0.

V. EXPERIMENTAL RESULTS

A. Motivation Justification

As illustrated in Figure 1, this work is motivated by two
fundamental observations: (1) Vision-based NACD methods
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Fig. 5: Feature space changes of visual and tactile images before and after the adaptor. For visual images, the features of
normal and anomalous samples remain difficult to distinguish even after passing through the adaptor. In contrast, anomalous
features in tactile images can be effectively extracted by the adaptor and leveraged for subsequent classification.

(a) Early Stage of Training (b) LegoGCD (c) T-NACD

Fig. 6: Impact of DMER on feature stocking. (a) In the
early stage of training, significant feature overlap occurs
among different anomalous samples of the same texture.
(b) LegoGCD can effectively cluster known classes but still
suffers from feature stocking. (c) DMER encourages each
sample to exhibit a single high-confidence class, thereby
reducing inter-class confusion.

fail to detect the hardness of black rubber products and
perform poorly in tasks involving fine-grained surface defect
detection. (2) Replacing visual inputs with images captured
by tactile sensors, combined with existing methods, enables
hardness detection, but the task accuracy remains subopti-
mal. Our experiments are primarily designed to verify the
following two issues.

• There is a significant domain shift between visual
and tactile image features, and our proposed feature
adaptor effectively compacts the gap.

• In the black rubber dataset, the feature representations
of normal classes and unknown anomalous classes heav-
ily overlap, making them hard to separate. Our proposed
dual-margin enhanced entropy regularization helps
preserve known class information while alleviating fea-
ture stacking across categories.

B. Tactile Domain Adaptation

To demonstrate the effectiveness of the adaptor, we selecte
four types of images with the same textures from BRD-
A: normal and anomalous samples in the visual domain,
and their corresponding tactile images. We then computed
histograms of the feature distributions before and after the
feature adaptor during training. As shown in Figure 5, in the
visual domain, normal and anomalous samples are difficult
to distinguish, even with the use of an adaptor. In contrast,
tactile images of normal samples exhibit clearer distributional
differences, and the gap between normal and anomalous
features becomes more pronounced after the adaptor. This
provides strong evidence that the feature adaptor successfully

transfers the pretrained model’s feature extraction capabili-
ties to the tactile domain.

C. Alleviation of Feature Stocking

We select six classes of tactile samples from the same
texture category in BRD-A as the test set, including one
normal sample and five anomalous samples. We train for
50 epochs on both LegoGCD and T-NACD, and then per-
form clustering on the feature space output by the adap-
tor. Figure 6(a) shows the feature distribution of epoch 3
on T-NACD, where severe feature stacking is observed.
As shown in Figure 6(b), LegoGCD effectively separates
three sample clusters and maintains the consistency of the
normal class, but fails to clearly distinguish anomaly 4
and anomaly 5. In contrast, T-NACD utilizes the DMER
module to encourage each sample to align with its highest-
confidence class, thereby enhancing feature boundaries and
successfully separating anomaly 4, anomaly 5, and the
normal class.

D. Comparison with the Baselines

We compare our method with classic Generalized Cate-
gory Discovery (GCD) approaches, including k-means [33],
RS+ [34], ORCA [35], GCD [28], SimGCD [17], Open-
NCD [36], and LegoGCD [18]. Table I presents the eval-
uation results on our proposed BRD-A and BRD-H datasets,
as well as a standard tactile dataset FabricVST [31] and
YCB [32].

Specifically, compared to baselines such as OpenNCD [36]
and LegoGCD [18], our method achieves the best perfor-
mance on the black rubber datasets, as shown in Table I.
It exhibits high accuracy in identifying old classes (i.e.,
normal samples) while also demonstrating strong ability in
discovering new classes. Specifically, T-NACD outperforms
the best baseline by 6.9%/2.41% on BRD-A and BRD-
H, respectively. When compared to LegoGCD on BRD-
A, our method improves old-class/new-class accuracy by
17.5%/4.78%. Notably, T-NACD achieves 98.75% accuracy
on known categories, which aligns with the high precision
requirements in industrial inspection scenarios, because we
first need to ensure the accurate identification of normal
samples. Furthermore, under the challenging setting of dis-
covering 40 anomaly classes from 8 known normal classes,
T-NACD still achieves over 80% new class accuracy, show-
ing its powerful anomaly recognition capability. We further
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BRD-A BRD-H FabricVST YCB

Method All Old New All Old New All Old New All Old New

k-means 28.10 35.31 26.66 43.55 51.5 39.58 62.00 65.30 58.17 49.13 53.05 47.09
RS+ 31.25 38.47 29.37 44.12 56.39 38.25 61.29 64.88 56.1 50.25 55.12 46.77

ORCA 35.85 42.64 32.59 46.96 50.68 41.02 65.62 70.35 60.36 54.58 60.76 51.89
SimGCD 72.61 60.00 75.13 84.74 80.00 84.33 94.62 93.25 95.60 71.23 69.45 73.22

OpenNCD 69.18 76.94 67.63 83.33 85.33 82.33 87.35 88.42 87.14 67.92 70.24 63.85
LegoGCD 77.71 81.25 77.00 83.67 85.30 82.86 91.25 90.50 92.00 75.36 79.26 72.29

Ours 84.61 98.75 81.78 87.15 90.33 86.51 95.75 95.55 95.95 82.09 87.35 79.96
∆ +6.90 +17.50 +4.78 +2.41 +10.33 +2.18 +1.13 +2.30 +0.35 +6.73 +8.09 +7.67

TABLE I: Classification results on BRD datasets and two mainstream tactile datasets. T-NACD achieves the best
performance across all datasets, enhancing the classification of unknown classes while maintaining the accuracy of known
classes, making it well-suited for industrial anomaly detection scenarios.

Impact of  β when  α = 1Impact of  fixed margin δm

(a) BRD-A (b) FabricVST

Impact of  β when  α = 1Impact of  fixed margin δm

Fig. 7: Ablation study on the fixed margin δm and the regularization coefficient β on BRD-A and FabricVST.

Methods All Old New Macro-F1

w/o Augment 81.41 92.55 78.99 0.823
w/o Adaptor 77.90 91.95 75.09 0.776
w/o Lcal 80.55 89.71 78.71 0.802
w/o Lmar 81.05 94.75 78.32 0.809
w/o Ldmer 78.3 86.25 76.7 0.789

LegoGCD 77.71 81.25 77.00 0.769
T-NACD 84.61 98.75 81.78 0.874

TABLE II: Ablation study on different components of our
algorithms on BRD-A.

evaluate the overall recognition rate of unknown samples
using the macro-F1 metric. As shown in Table III, T-NACD
achieves the highest performance across all four datasets.

E. Model generalization

Beyond tactile anomaly detection for black rubber prod-
ucts, we also demonstrate that T-NACD, as a general frame-
work for tactile image classification, can generalize to other
tactile datasets. As shown in Table I, T-NACD still achieves
strong performance on the mainstream tactile datasets Fab-
ricVST [31] and YCB [32].

F. Ablation Study

In this section, we conduct ablation studies on the BRD-A
and FabricVST to evaluate the effectiveness of the Tactile-
specific Feature Extractor, and the DMER module, as shown
in Figure 7.

Tactile-specific Feature Extractor. We conduct an abla-
tion study on the Tactile-specific Feature Extractor, as shown

Methods BRD-A BRD-H FabricVST YCB

k-means 0.582 0.575 0.621 0.609
RS+ 0.603 0.622 0.678 0.638
ORCA 0.614 0.636 0.681 0.649
SimGCD 0.753 0.815 0.882 0.749
OpenNCD 0.718 0.769 0.831 0.701
LegoGCD 0.769 0.803 0.876 0.774
T-NACD 0.874 0.889 0.924 0.858

TABLE III: The macro-F1 results on the BRD and two tactile
datasets.

in Table II. The introduced tactile-specific data augmentation
method and lightweight feature adaptor improve accuracy
on the BRD-A dataset by 1.2% and 4.7%, respectively.
Furthermore, as illustrated in Figure 5, we successfully
aggregate the features of tactile images through the feature
extractor and separate the feature spaces of normal and
anomalous samples, which is a key factor contributing to
the performance improvement of T-NACD on tactile tasks.

Dual-Margin Enhanced Entropy Regularization. We
separately evaluate the effects of Lcal and Lmar on the BRD-A
dataset. As Table II shows, Lcal mitigates forgetting of known
classes, raising old-class accuracy by 9%. Lmar improves
inter-class separability on unlabeled data by enforcing confi-
dent assignments, yielding larger gains on the more abundant
new classes. Figure 7 presents ablation studies on the fixed
margin parameter δm, due to the high classification difficulty,
an excessively large δm is suboptimal. We ultimately select
δm = 0.5 as the default setting throughout our experiments.
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For regularization, we fix α = 1 to match SimGCD and
sweep β ∈ [0, 3], finding β = 2.0 achieves the best balance
on BRD-A and FabricVST.

VI. CONCLUSION

We present T-NACD, a tactile-friendly framework for
novel anomaly class discovery, targeting black rubber prod-
ucts where visual methods are insufficient. By introducing
two tactile-specific augmentation methods, a lightweight
feature adapter, and the DMER module, T-NACD effec-
tively captures fine-grained geometric features and mitigates
feature stocking. We also construct BRD, the first tactile
anomaly detection dataset for this domain. Experiments show
that T-NACD outperforms visual baselines and generalizes
well to other tactile detection tasks.
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