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ABSTRACT Defect classification for thin-film transistor liquid crystal displays (TFT-LCD) poses significant
challenges due to the fine-grained nature of microscopic defects and the limited availability of labeled
data. This problem is particularly demanding in the context of few-shot class-incremental learning (FSCIL).
FSCIL requires learning new defect classes from limited data while distinguishing between highly similar
classes. At the same time, it must preserve knowledge of previously learned classes. We introduce Fine-
grained Few-shot Class Incremental Learning with Destruction-construction Learning (FFCIL) to address
these challenges. This approach employs a multistage training strategy that begins with destruction-
construction learning. This stage captures intricate and fine-grained features during pretraining and is
combined with manifold-mixup as a placeholder mechanism. Together, these components enable the
seamless integration of new defect classes with minimal samples. Furthermore, a triplet loss is applied
during pseudo-incremental learning to improve the model’s ability to differentiate between base and pseudo-
classes. This approach enhances the fine-grained classification performance in a few-shot class incremental
learning scenarios. Experimental results on an industry-based TFT-LCD dataset demonstrate a notable
16.36% improvement in overall accuracy. In addition, FFCIL achieves the lowest performance dropping
rate among all compared methods, indicating superior stability. Tests on public datasets further reveal an
improvement of up to 39.58% in overall accuracy, underscoring the potential applicability of FFCIL to
broader domains. Code is available at https://github.com/sallylinlab/ffcil

INDEX TERMS TFT-LCD, artificial intelligence, few-shot incremental learning, destruction-construction
learning, fine-grained classification, defect classification.

I. INTRODUCTION
The TFT-LCD industry is rapidly advancing to meet con-
sumer demands for various devices. To ensure the quality of
the product is well maintained, automated optical inspection
(AOI) is often implemented to detect defective products as
they are produced automatically [1], [2], [3], [4]. In contrast
to manual inspection, which is susceptible to subjectivity,
deep learning-based AOIs provide more reliable results
across various domains [5], [6], [7]. However, deep learning
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approaches require a large number of image samples to
achieve optimal performance, which is difficult to obtain
in real-world scenarios [8]. Furthermore, in practical man-
ufacturing environments, defect data often does not become
available at once. Only a limited set of defect classes may be
known at the initial stage of deploying deep learning-based
AOI. As the model is implemented and used over time, new
types of defects are discovered, requiring the system to adapt
to evolving data distributions in a phased manner (see Fig. 1
for an illustration of this progressive data availability).

Incremental learning in defect classification proves partic-
ularly useful in scenarios where the dataset is continuously

VOLUME 14, 2026

 2026 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 20165

https://orcid.org/0000-0002-3378-9904
https://orcid.org/0000-0002-5106-7286
https://orcid.org/0000-0002-7036-3101
https://orcid.org/0000-0001-6538-7128
https://orcid.org/0000-0003-1870-9037


A. Suryarasmi et al.: FFCIL: Fine-Grained FSCIL With Destruction-Construction Learning

growing. This approach allows models to adapt to newly
introduced defect classes over time, enabling them to
remain relevant and effective in dynamic environments
[9], [10]. However, this process becomes significantly more
challenging when only limited data for each new increment is
available, as is often the case in real-world industrial settings.
Limited data can lead to underfitting, making it harder for
the model to generalize effectively to unseen samples [4],
[11], [12].

To address the additional complexity of learning with
minimal data, incremental learning has been extended to
few-shot class incremental learning (FSCIL). The few-shot
learning technique is specifically designed to enable the
model to effectively learn new classes with minimal
samples [13], [14], [15], [16]. This learning technique
becomes valuable for industries where collecting extensive
labeled datasets is costly or impractical. The challenge in
FSCIL becomes more pronounced when newly introduced
defect classes during the incremental stage share significant
similarities with previously learned classes, transforming
the problem into fine-grained defect classification [13].
In such cases, the model must effectively adapt to new
data while precisely differentiating between closely related
classes without succumbing to catastrophic forgetting, which
becomes a common issue in incremental learning.

A promising approach to FSCIL implementation is the
continuously evolved classifier (CEC) [13]. This method
separates feature learning from classifier updating, allowing
the model to accommodate multiple incremental learning
tasks and learn new features from the previously trained
model. While CEC [13] demonstrates strong performance
in general incremental learning scenarios, it does not
explicitly address the challenges posed by fine-grained defect
classification.

To tackle this limitation, we propose fine-grained few-
shot class incremental learning with destruction-construction
learning (FFCIL), which combines several established
techniques into an FSCIL training pipeline. Specifically,
destruction and construction learning (DCL) [17] is employed
during the base training stage to enhance discriminative
features during the destruction phase and captures the
semantic correlation among local regions through the recon-
struction phase. To better accommodate future unseen classes
in the incremental stage, manifold-mixup (MM) [18] is
incorporated to regularize the feature space. Additionally,
pseudo-incremental learning is introduced to simulate the
incremental phase, thereby preparing the network to adapt
to new classes. Furthermore, triplet loss [19] is introduced
to improve class separability between base and incremental
classes during few-shot updates. The proposed FFCIL
focuses on combining these complementary techniques to
fit the FSCIL requirements, where robust base representa-
tions, sufficient feature space for novel classes, and stable
inter-class discrimination are all critical. Their joint use
within the CEC [13] protocol enables the framework to better

address fine-grained classification challenges while mitigat-
ing catastrophic forgetting during incremental learning.

When applied to a proprietary industry-based dataset, this
study achieves a 16.36% improvement in overall accuracy,
18.86% gain in preventing knowledge forgetting, and a
14.08% increase in learning new information from limited
fine-grained samples. When tested on two public datasets,
FFCIL shows significant performance gains, with overall
accuracy increasing by up to 39.58% and 31.81%; existing
knowledge retention rising by up to 40.64% and 34.38%; and
new knowledge acquisition improving by up to 46.52% and
35.89%, respectively. The key contributions of the study can
be summarized as follows:
• The proposed FFCIL enhances the fine-grained classi-
fication performance in few-shot incremental learning
by systematically combining DCL [17], manifold-
mixup [18], and triplet loss [19] into the CEC [13]
framework.

• FFCIL can reduce the performance dropping rate to as
low as 15.13%, with higher new knowledge acquisition
up to 46.52% on emerging defect classes.

• FFCIL holds potential for wide-ranging application
across various domains, as evidenced by its strong
performance on both private and public datasets from
various fields.

The remainder of this paper is structured as follows: Section II
reviews related works; Section III explains the details of
the proposed method; Section IV describes the experiments;
Section V presents the results and discussion; and Section VI
provides the conclusions.

II. RELATED WORKS
Recent studies have explored various techniques for detecting
mura and related defects in TFT-LCD displays. One line
of work focuses on enhancing defect localization and
segmentation, such as the SVDRNC framework [1], which
integrates color normalization via singular value decompo-
sition with a neutrosophic canny edge detector to address
color inconsistencies during image acquisition. This method
enables precise edge extraction for subsequent laser-cutting
path generation and has demonstrated superior performance
over several conventional techniques on industrial TFT-
LCD images. Complementing this, another study targets the
challenge of cross-process defect classification, proposing
a multi-modal learning strategy that combines descriptive
embedding generation with cross-modal contrastive learn-
ing [2]. By incorporating fine-grained textual descriptions
alongside visual features, the method achieves notable accu-
racy improvements and has been validated in real manufactur-
ing environments. Another deep learning has been introduced
to enhance robustness under complex visual conditions, such
as the YOLO-GA framework [3], which integrates Ghost
modules and CBAM attention to improve lightweight feature
extraction and vertical-line mura detection performance on
high-resolution LCD images. However, as defect categories
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FIGURE 1. Several defect classes are initially introduced during the deep learning base model training and deployment.
As production processes evolve, new defect classes emerge. These new classes often have few samples and exhibit high
visual similarity to existing ones, yet they remain unknown to the deployed model.

FIGURE 2. The proposed framework consists of three stages: the DCL-MM pretraining stage, the pseudo-incremental learning
stage, and the incremental learning stage.

in real manufacturing environments continue to evolve and
new types may emerge over time, these detection systems
increasingly require learning capabilities that can adapt to
new classes without retraining from scratch, motivating the
use of class incremental learning (CIL).

Class incremental learning (CIL) aims to progressively
acquire knowledge of new classes without forgetting the
previously learned ones. Several approaches have been
proposed to resolve the problem of knowledge forgetting in
CIL. Zhou et al. [20] introduced a dual-consolidation scheme
that merges backbone representations and aligns classifier
weights across incremental domains, thereby stabilizing both
feature and classifier drift. Zhou et al. [21] proposed the

ENGINE method, which injects external knowledge into a
CLIP-based model and then re-rank predictions at inference,
thereby improving resilience to evolving classes. Finally,
Wang et al. [22] presented Task-Specific and Universal
Adapters for Pre-Trained Model-based Class-Incremental
Learning, which combines task-specific adapters selected
via an entropy-based mechanism with a universal adapter
capturing shared knowledge, thereby blending specialized
and general representations to improve incremental class
learning.

While various strategies have been proposed to address
knowledge forgetting in CIL, another practical challenge
lies in the limited number of samples per class available
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for training in each incremental task. This scarcity of data
encourages the development of few-shot class incremental
learning (FSCIL). Several studies have been conducted in the
FSCIL domain. Tao et al. [14] built a topology-preserving
knowledge incrementor network to stabilize the topology and
enhance representation learning for few-shot new classes.
Sun et al. [23] proposed a feature fusion framework that
emphasizes key regions to capture discriminative local
features, enabling effective recognition of visually similar
categories from limited samples. By leveraging focus-area
localization and high-order feature integration, their approach
highlights the importance of modeling subtle intra-class
variations and part-level interactions. These characteristics
are especially relevant to FSCIL, where models must rely
on fine-grained visual cues to generalize from scarce data.
Ahmad et al. [9] built leveraging self-supervised features
(FeSSSS) by training a classifier on the fusion of supervised
and self-supervised models to solve the problems of overfit-
ting and catastrophic forgetting in FSCIL. Zhou et al. [10]
proposed forward-compatible training (FACT) to learn
prospectively by reserving embedding space for future new
classes. Zhu et al. [24] introduced an incremental prototype
learning strategy called self-promoted prototype refinement
(SPPR), which comprises a random episode selection strategy
and a self-promoted prototype refinement mechanism to
optimize representation and reorganize prototypes with
minimal supervision. Finally, Zhang et al. [13] proposed
continuously evolved classifiers (CECs), which adopt a
decoupled learning strategy to prevent knowledge forgetting
in class representations.

While the FSCIL approaches demonstrated effectiveness,
new challenges arise when applied to fine-grained datasets.
Several methods have been proposed to address this issue
without relying on a few-shot CIL. Chen et al. [17] introduced
the destruction and construction learning (DCL [17]) method,
which partitions input images into local regions to refocus
attention on discriminative regions. Schroff et al. [19]
employed triplet loss by using matching and nonmatching
data triplets to help the model differentiate between distinct
categories. Verma et al. [18] developed a manifold-mixup
(MM [18]), which encourages neural networks to remain
uncertain when encountering data samples that differ from
those seen during training, thus addressing the issue of
incorrect yet overly confident predictions. By combining
CEC [13] with triplet loss [19], and incorporating DCL [17]
and MM [18] as the backbone feature extractor, the proposed
FFCIL is constructed to address the few-shot classification
problem in incremental-class fine-grained datasets.

III. METHODS
The proposed framework, illustrated in Fig. 2 comprises three
main stages: the DCL-MM pretraining stage (the terms ‘‘pre-
training stage’’ and ‘‘base stage’’ are used interchangeably
throughout the study), the pseudo-incremental learning stage,
and the incremental learning stage. The first stage trains the
base classifier model C using destruction and construction

FIGURE 3. The pretraining and pseudo-incremental stage adopt a region
confusion mechanism (RCM) and four networks, which include
classification C , discriminator S, region alignment R, and
manifold-mixup M. Each network is associated with specific losses,
including classifier loss (Lcls), adversarial loss (Ladv ), location loss (Lloc ),
and mixup loss (Lmix ).

learning (DCL) [17] and manifold-mixup (MM) [18] on the
base dataset d train0 . In the second stage, a graph attention
network G generates weight vectors {W0}, which can be
expanded as new data groups are introduced. Finally, during
the incremental learning stage, new weight vectors {Wt } are
generated for each new image group t , expanding the set
into {W0, ..,Wt }. It allows the classifier to learn new data
while retaining previous knowledge. The notations used in
this study are summarized in Table 1.

A. DCL-MM PRETRAINING STAGE
The DCL [17] identifies fine defective features through
a destruction procedure that captures information from
discriminative regions. This is followed by a construction
process that learns the local details based on semantic
correlation, along with the discriminator, classification, and
manifold-mixup networks.

As illustrated in Fig. 3, the DCL-MM mainly consists of
two blocks: the destruction-construction networks and the
manifold-mixup (MM) network. In the first component, the
region confusion mechanism (RCM) is applied to the input
dataset d train0 , producing a destructed sample d train0_sh . This
component is chosen based on the characteristics of the target
dataset, where discriminative defect features are extremely
small and localized. As a result, global spatial structures and
large-scale patterns provide limited semantic information,
whereas fine-grained local details play a dominant role in
class discrimination.

To further illustrate thismechanism, Fig. 4 presents a visual
example of RCM. The original input image (top left) is first
partitioned into 7 × 7 non-overlapping patches (top right),
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TABLE 1. Notation used in this study.

FIGURE 4. Example image (above) and the corresponding deconstructed
images (below) from the shuffled patches in RCM [17].

followed by a random swapping operation that generates a
shuffled configuration (bottom right and left). As indicated
by the yellow arrow in the original image, the defect is
confined to a small local region. After shuffling, the same
defect remains confined within a single patch, highlighted by
the yellow box, despite its spatial relocation. By disrupting
the global layout while preserving local patch content,
RCM encourages the model to learn that the discriminative
information resides in fine-grained local details rather than
in overall image structure.

The destructed images d train0_sh are then subsequently fed
into a classification network C , that takes images and
categorizes them into defective classes, as defined in Eq. 1.
In this formulation, y denotes the class label and θcls
is the learnable classification parameter. ResNet18 [25]
architecture is selected as the backbone classification network
with pretrained ImageNet weights. The feature vectors
acquired from the classifier are used as input for the
discriminator S (Eq. 3) that determines whether to retain

or discard domain-specific patterns to mitigate the impact
of detrimental visual noise introduced by the shuffled
subregions. Consequently, two distinct losses are employed
for the classifier and discriminator: the classifier loss Lcls [17]
and the adversarial loss Ladv [17]. The classifier loss, defined
in Eq. 2, uses x, φ(x), y, andC to represent the original image,
destructed image, label for fine-grained categories, and
probability distribution vector, respectively. The adversarial
loss, defined in Eq. 4, uses S as the discriminator network
and s as a one-hot vector, indicating whether destruction has
occurred.

C(x) = softmax(θcls, f (x, y)) (1)

Lcls = −
∑

x∈d train0

y · log [C(x)C(φ(x))] (2)

S(x) = softmax(θadvC(x)) (3)

Ladv = −
∑

x∈d train0

s · log[S(x)]+ (1− s) · log[S(φ(x))] (4)

Concurrently, the region alignment network R [17] is
established to restore the spatial layout. As defined in Eq. 5,
it takes input of classifier features C(x) to obtain a map sized
2× N × N , which corresponds to rows and columns of each
region. While training, the location loss Lloc [17], as defined
in Eq. 6, calculates the distance between the predicted
coordinates and the original coordinates. Rσ (i,j)(φ(x)) and
Ri,j(x) in Eq. 6 denote the predicted locations of the destroyed
and original images, respectively, whereas i and j represent
the ground truth locations. The total loss calculation for
the destruction-contstruction block becomes the cumulative
sum of three losses, as denoted in Eq. 9, where α, β, and
γ , represent the respective weighting factors. In this work,
we set all loss weights to one. An ablation of the value of the
weight losses are presented in Section V-B.

R(x) = map(θloc,C(x)) (5)

Lloc =
∑

x∈d train0

N∑
i=1

N∑
j=1

∣∣∣∣Rσ (i,j) (φ(x))−
[
i
j

]∣∣∣∣
1
+

∣∣∣∣Ri,j(x)−[
i
j

]∣∣∣∣
1

(6)

Furthermore, a manifold-mixup network M is employed
to ensure the classifier can encompass all classes across
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FIGURE 5. (a) The visualization of five base classes’ initial feature distribution during the pretraining stage. (b) To provide space for future classes
introduced during the incremental stage, the distance between each class is increased with the manifold-mixup. (c) The new classes (shown in
triangles) arrive sequentially during the incremental stage and occupy the reserved spaces.

incremental tasks. Fig. 5 conceptually illustrates how M
influences the feature space across different learning stages.
In Fig. 5a, the initial feature distribution during pretraining
is shown. Although the classes are separable, they are
located close to one another, leaving limited room for
accommodating future classes. The Fig. 5b depicts the effect
of applyingM , where the feature distributions of base classes
become more compact, effectively increasing the inter-class
margins and creating reserved regions in the feature space
that are not occupied by base classes. Finally, in the
Fig. 5c, new classes (triangular markers) are sequentially
introduced during incremental learning. These classes occupy
the previously reserved spaces, reducing interference with the
base classes, which strengthens incremental learning. This
also provides sufficient embedding space for novel classes,
despite limited samples, thereby improving few-shot learning
performance.

As defined in Eq. 7, the M network takes two image
samples x and x ′ along with the corresponding labels y and
y′ to create a mixed classes data input, annotated as d train0_mix .
A mixup loss Lmix is implemented (Eq. 8) to this network
by applying mixed ground truth labels ymixc and mixed class
prediction M (xmixc ) to the standard cross-entropy loss. The
pseudocode outlining the key stages of DCL-MM pretraining
stage is shown in Algorithm 1.

M (x) = softmax(θmix ,Mixλ(C(x),C(x ′)),Mixλ(y, y′)))

(7)

Lmix = −
C∑
c=1

ymixc · log(M (xmixc )) (8)

L = αLcls + βLloc + γLadv (9)

B. PSEUDO-INCREMENTAL LEARNING STAGE
This stage performs training with pseudo-classes to enhance
the model’s overall capability to generalize and adapt to
new scenarios. Following the learning approach introduced
in [13], a graph attention network (GAT), denoted as G,

Algorithm 1 DCL-MM Pretraining Stage Pseudo-Code

1: Input: Training data task 0 d train0
2: Output: Base classifier model C
3: d train0_sh ← shuffle d train0
4: Define C , S, R, andM networks
5: while i < DCL_epochs do
6: Forward pass C with d train0 and d train0_sh
7: Lcls← calculate classifier loss
8: Forward pass S with with features from C
9: Ladv← calculate adversarial loss
10: Forward pass R with features from C
11: Lloc← calculate location loss
12: L← αLcls + βLloc + γLadv
13: Update C , S, and R
14: end while
15: M ← Load C network weights
16: while i < base_epochs do
17: d train0_mix ← mix d train0
18: Forward passM with d train0_mix
19: Lmix ← calculate mixup loss
20: Update M
21: end while
22: C ← update weights fromM

is constructed using pseudo-classes to simulate the incre-
mental learning stage. As defined in Eq. 10, G takes
classifier features from the base dataset d train0 and the
pseudo-classes d train0_ps to obtain the weight vectors {W0}.
The pseudo-classes, described in Eq. 11, are generated by
applying random rotations to d train0 , controlled by the rotation
parameter ρ ∈ {90◦, 180◦, 270◦}. This constraint ensures that
the rotated images remain axis-aligned and avoid diagonal
transformation, following the original image layout.

During the optimization of G, triplet loss Ltrp [19] is
added alongside the standard cross-entropy loss to enhance
the model’s ability to discriminate between the base and
the pseudo-class. Three types of samples are defined within
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Ltrp: the anchor sample, denoted as xa; the positive sample,
denoted as xp; and the negative sample, denoted as xn. The
goal is to minimize the distance between embeddings of
similar samples (xa and xp) while maximizing the distance
between embeddings of dissimilar samples (xa and xn),
as shown in Eq. 12, with ϵ = 1 denoting the enforced margin.
By promoting compact intra-class clustering and larger inter-
class separation, Ltrp strengthens incremental learning by
reducing interference from newly introduced classes and
simultaneously improves few-shot learning by making the
limited novel samples more discriminative in the embedding
space. The pseudocode of the proposed method is provided
in Algorithm 2.

The multiple losses employed in the proposed framework
each target a specific aspect of the learning objective. For
example, Lcls enforces correct class prediction, Ladv enhances
feature robustness, Lloc maintains spatial consistency, and
Lmix encourages smooth feature-space interpolation. These
losses serve as complementary supervisory signals that
guide the optimization of the shared network components,
including the classifier C , without introducing additional
prediction heads or increasing model capacity. This design
follows the precedent established in DCL [17], where
multiple losses are used to improve feature generalization.

{W0} = G(C(d train0 , d train0_ps )) (10)

d train0_ps = rotate(d train0 , ρ) (11)

Ltrp = Max(|f (xa)− f (xp)|2 − |f (xa)− f (xn)|2 + ϵ)

(12)

Algorithm 2 Pseudo-Incremental Learning Stage Pseudo-
Code
1: Input: d train0 ,C
2: Output: Graph attention network G, weight vectorsW0
3: d train0_ps ← random rotation of d train0
4: Define initial G node features from C(d train0 , d train0_ps )
5: while i < pseudo_incremental_epochs do
6: Forward pass G
7: Ltrp← calculate triplet loss
8: Update G
9: end while

10: {W0} ← G(C(d train0 , d train0_ps ))

C. INCREMENTAL LEARNING STAGE
In real-world scenarios, as illustrated in Fig. 1, the new group
of data introduced after the model is deployed may include
unseen classes with very few samples available, making
retraining the model impractical. Therefore, as defined in Eq.
13, rather than retraining the model with newly introduced
data and classes, the frozen classification model C is
utilized to learn the features from the samples of the current
incremental task t (denoted by d traint ). The features are then
input to the GAT G to obtain the weight vector Wt , which

TABLE 2. Hyperparameter settings for FFCIL training.

TABLE 3. Learning rate and epochs for the baselines and proposed
methods.

is subsequently appended via operation A to the previous
set {W0, . . . ,Wt−1}. Freezing C preserves the knowledge
learned from earlier tasks, which is beneficial for incremental
learning, while the newly produced weight vectors allow the
classifier to accommodate new categories without disrupting
the existing decision boundaries. The pseudocode of the
incremental stage is presented in Algorithm 3.

{W0, . . . ,Wt } = A({W0, . . . ,Wt−1},G(C(d traint ))) (13)

Algorithm 3 Incremental Learning Stage Pseudo-Code

1: Input: d traint ,C,G, {W0}

2: Output: {W0, . . . ,Wt }

3: t ← 1
4: while t < T do
5: Wt ← G(C(d traint ))
6: Append the set {W0, . . . ,Wt−1} with Wt
7: end while

D. TRAINING PROCESS
The proposed framework consists of three sequential training
stages: DCL-based pretraining, pseudo-incremental training,
and incremental learning. Although each stage is optimized
separately, the stages are functionally dependent. First, the
DCL script is run to produce a classifier model, which serves
as the input to the second script, the pseudo-incremental
stage. This second stage takes the trained DCL model
and feature representations learned in the pretraining stage
provide the initialization for the pseudo-incremental stage,
which in turn generates a graph attention network and weight
vectors used in the incremental learning stage. This sequential
dependency ensures that knowledge acquired from the base
dataset is retained and effectively propagated through all
subsequent stages.
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FIGURE 6. Representative examples of TFT-LCD defects in the proprietary
A19 dataset: (a) brush defects affecting small areas along pattern edges;
(b) pattern deformation caused by foreign material; (c) hole defects with
halo artifacts produced by detached particles; (d) pattern deformation;
(e) fragmented holes; (f) white aluminum residue; (g) debris on the
pattern; and (h) laser repair marks.

FIGURE 7. Examples of four defect samples from different classes that
exhibit visual similarity. Each instance exhibits minor discoloration that
closely matches the underlying pattern, allowing the defects to blend
seamlessly with the background.

For the DCL pretraining stage, we use 100 epochs,
a learning rate of 0.0008, 7×7 patch partitioning, and a
ResNet backbone classifier. The resulting pretrained model
is then used to initialize the pseudo-incremental training
stage, which is trained for 100 epochs with a learning rate
of 0.001. The primary hyperparameters for training FFCIL
are reported in Table 2, while the losses and learning rates for
FFCIL and the baseline models are provided in Table 3. The
additional hyperparameters, such as network-specific settings
and augmentation parameters, follow standard practices
described in the corresponding papers.

IV. EXPERIMENT
We conduct comprehensive experiments on one proprietary
TFT-LCD dataset (hereafter referred to as A19) and two
publicly available datasets, CUB-200 [29] and Stanford
Dogs [30]. Due to company confidentiality policies and
signed agreements, the A19 dataset cannot be publicly
released. For reproducibility, we also report results on
publicly accessible benchmarks: the CUB-200 [29] and the
Stanford Dogs [30] dataset.

The A19 dataset consists of 34,198 pairs of TFT-LCD
RGB images and labels, with image resolutions ranging
from 768 to 1380 pixels. It encompasses a total of 27 defect
classes, which are labeled by domain experts in accordance
with standard industrial inspection criteria. This dataset poses
visual and distributional challenges. As seen in Fig. 6, the

FIGURE 8. Across its 27 classes, the A19 dataset exhibits extreme
imbalance, with sample sizes varying from 5,600 down to only 30, leading
to a few-shot condition for the underrepresented classes.

FIGURE 9. Samples from four different classes of the CUB-200 [29]
dataset are shown in subfigures (a) to (d), while subfigures (e) to
(f) display samples from the Stanford Dogs dataset. Despite representing
different classes, the pairs (a)-(b), (c)-(d), (e)-(f), and (g)-(h) exhibit
significant visual similarities, highlighting the challenge of fine-grained
classification.

dominant pattern often overwhelms the appearance of the
defects, rendering them subtle and difficult to perceive.
Additionally, many defect regions share similar color tones
with the surrounding pattern, causing them to blend in and
resemble normal features. Furthermore, some classes exhibit
highly similar visual characteristics, making class discrimina-
tion evenmore complicated. As shown in Fig. 7, four different
classes share nearly indistinguishable appearances due to
minor discolorations that match the pattern’s color, thereby
posing a fine-grained classification challenge. The dataset
also suffers from severe class imbalance. Fig. 8 illustrates the
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distribution of sample counts across the 27 classes, with the
smallest classes containing only 30 samples and the largest
up to 5,600. Among the 27 classes, only 11 classes have more
than 1,000 samples, whereas the majority, particularly classes
ID 10 to 26, contain fewer than 500 samples. This long-tailed
distribution naturally leads to a few-shot learning scenario for
underrepresented classes and provides strong motivation for
adopting a few-shot class incremental learning setting, where
base classes are trained with abundant data and later classes
are introduced with limited samples.

Additionally, several defect classes exhibit similar visual
characteristics, making them particularly challenging to
distinguish. For instance, dark holes on Fig. 6d exhibit certain
similarities to those observed in Fig. 6f and Fig. 6g. Further-
more, the public datasets indicated in Fig. 9, also demonstrate
visual similarities between classes. Subfigures 9a-9d show
samples from the CUB-200 dataset, where different bird
species share highly similar appearances, such as white
bodies and dark wings, making them difficult to distinguish at
a glance. Subfigures 9e-9f display samples from the Stanford
Dogs dataset, where dogs from different classes exhibit
nearly identical color patterns, further emphasizing inter-
class similarity. These examples demonstrate that finegrained
classification challenges are not limited to industrial datasets
but are also prevalent in widely used benchmarks, justifying
the evaluation of the proposed method on both proprietary
and public datasets.

A. EXPERIMENT SETUP
Throughout the experiments, the dataset is partitioned into
multiple image groups dt , where 0 ≤ t ≤ T , and
T denotes the number of incremental tasks for the dataset.
The first data group d0 is reserved for the base stage,
whereas the subsequent image groups {d1, . . . , dT } are used
for the corresponding incremental tasks t . To prevent data
contamination during training, each data group is further split
into training d traint and testing d testt subsets. The selection of
the classes for the increment stage adheres to the original data
setup of CEC [13], ensuring that the base dataset contains
classes with sufficient training data availability, whereas the
remaining incremental group data may have limited image
samples.

During the experiments, each incremental task t undergoes
three evaluations. The first evaluates the overall performance
of the model, considering all testing data from all tasks
{d test0 , . . . , d testt }, and is referred to as d testall . The second
examines the impact of the new task on the performance
of the model with respect to the previously known data,
considering only the test data prior to the current task
{d test0 , . . . , d testt−1}, and is denoted as d

test
prm. The last assesses the

model performance on the newly introduced task, considering
only the testing data from the current task {d testt }, and is
referred to as d testadd . These three evaluation metrics are used
to compare the performance of five incremental learning
models: CEC [13], FACT [10], BiDist [26], TEEN [27],
AsyCLR [28], and the proposed FFCIL.

TABLE 4. Incremental data setup for A19, Stanford Dogs [30], and
CUB-200 [29].

Following the scenarios outlined in the original FSCIL
study [14], the CUB-200 dataset is partitioned such that the
base class (d train0 ) contains 100 classes. Each increment (d train1
to d trainT ) introduces ten new classes. Similarly, the Stanford
Dogs dataset is partitioned into one base group (d train0 ) and
six incremental groups (d train1 to d train6 ), with each increment
adding ten new classes. The A19 dataset follows a similar
structure with one base group (d train0 ) and four incremental
groups (d train1 to d train4 ), with each increment adding three new
classes. The number of samples for each base and incremental
tasks in all datasets is listed in Table 4.

B. EVALUATION METRICS
For each testing data group, three multi-class classification
accuracies are computed on d testall , d

test
prm, and d testadd , denoted

as ACCall, ACCprm, and ACCadd, respectively. The metric
ACCall represents the overall classification performance of
the trained model C over all classes encountered up to task t ,
regardless of their order of occurrence. However, in the
FSCIL setting, particularly under severe class imbalance,
this aggregated accuracy alone may obscure the model’s
behavior toward different class groups. To address this,
ACCprm is introduced to measure the prediction accuracy
on previously learned classes, thereby reflecting the model’s
ability to preserve knowledge acquired in earlier tasks, while
ACCadd evaluates the recognition performance on newly
introduced classes, explicitly capturing the model’s plasticity
when learning from limited samples. By disentangling overall
performance, knowledge retention, and new-class adaptation,
these complementary metrics provide a more representative
and fair evaluation of FSCIL behavior than a single averaged
accuracy. Furthermore, following [14], the performance
dropping rate (PD) is calculated to quantify catastrophic
forgetting by measuring the accuracy difference between the
base task (t = 0) and the final task (t = T ). Collectively,
these evaluation metrics provide a comprehensive view of the
model’s response at each incremental task, both globally and
with respect to the trade-offs between stability and plasticity.

V. RESULTS AND DISCUSSION
The study comprises two sets of experiments conducted
with threefold cross-validation. The first set of experiments
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evaluates the proposed approach against the state-of-the-art
methods (CEC [13], FACT [10], BiDist [26], TEEN [27],
AsyCLR [28]) with all three datasets (A19, Stanford
Dogs [30], CUB-200 [29]). The second set of experiments
conducts ablation studies using the A19 dataset, where one
or more FFCIL components are removed, and various loss
weight values are explored.

A. PERFORMANCE COMPARISON
Table 5 presents the overall accuracy ACCall across the
three datasets. On A19, FFCIL consistently surpasses most
baseline methods throughout the incremental learning pro-
cess. Notably, it demonstrates a substantial advantage over
TEEN, with an average performance margin of up to 16.36%.
When compared with FACT, FFCIL achieves comparable
accuracy with a margin of 0.57%, averaged across all tasks.
A similar pattern is observed on the Stanford Dogs dataset,
where FFCIL remains competitive with FACT, showing an
average gap of 0.76%, while significantly exceeding the
performance of other baselines, particularly AsyCLR, by as
much as 39.58%. On the CUB-200 dataset, even though
TEEN achieves the highest accuracy at the base stage, its
performance degrades more rapidly as the incremental tasks
progress. In contrast, FFCILmaintains amore stable accuracy
progression and consistently outperforms the remaining
baseline methods across all incremental tasks by up to
31.81%. Collectively, these results underscore the robustness
and general applicability of FFCIL across diverse datasets.

Although the overall accuracy ACCall may appear mod-
erate in comparison to certain baselines, additional factors
provide further insight. The first is the performance dropping
rate (PD), as detailed in Table 8. FFCIL achieves the lowest
PD on both A19 (33.13%) and Stanford Dogs (15.16%)
datasets, indicating superior resistance to catastrophic forget-
ting. In particular, the PD on Stanford Dogs is substantially
lower than all baseline methods by 15.13%. On the CUB-200
dataset, FFCIL achieves a competitive PD of 20.64%,
outperforming CEC, BiDist, TEEN, and AsyCLR, while
remaining close to FACT. These results demonstrate that
FFCIL effectively minimizes performance degradation when
integrating new data, highlighting its robustness in preventing
model performance loss.

The second aspect is the ACCprm results. As presented
in Table 6, on the A19 dataset, FFCIL consistently exceeds
the performance of CEC (by 2.8%), BiDist (2.93%), TEEN
(18.86%), and AsyCLR (16.43%), while having comparable
results to FACT with only a 1.72% difference. A comparable
trend is observed on the Stanford Dogs dataset, where FFCIL
maintains high ACCprm despite the increasing number of
incremental tasks. The most pronounced improvement is
observed relative to AsyCLR, reaching 44.68% at the final
task and averaging 40.64% across all tasks. On the CUB-
200 dataset, FFCIL consistently achieves the highest ACCprm
among all methods throughout the incremental process,
with a maximum average margin of 34.48% over AsyCLR.
These results demonstrate FFCIL’s strong ability to retain

FIGURE 10. Heatmap visualizations of FFCIL predictions across three
classes. Subfigures a and b show focused attention for correctly classified
class 1 examples. Subfigures c and d illustrate misclassified instances
of class 1 with scattered attention. Subfigures e, f, and subfigures g,
h correspond to correctly classified examples from class 2 and class 8,
respectively, highlighting the model’s ability to distinguish visually similar
classes by attending to discriminative regions.

knowledge from earlier tasks while accommodating newly
introduced classes.

Another indicator of FFCIL’s generalization ability is its
capability to acquire new knowledge during the incremental
stage under the frozen classifier C , as measured by ACCadd.
As shown in the Table. 7, FFCIL consistently delivers
superior performance relative to nearly all baseline methods
on the A19 dataset by up to 14.08% relative to TEEN.
More pronounced gains are observed on the Stanford Dogs
dataset, where FFCIL achieves an average improvement of
46.52% across all tasks. On the CUB-200, FFCIL maintains
competitive performance relative to CEC and FACT, with
average differences of 8.46% and 2.68%, respectively, while
outperforming AsyCLR by an average margin of 35.89%
across all tasks. These results highlight FFCIL’s ability to
extend learned knowledge throughout the incremental stage,
even when dealing with limited and fine-grained samples.

Building on these observations, we further conducted
paired t-tests to compare our FFCIL method against FACT,
the strongest baseline across all metrics and datasets, evaluat-
ingACCall, ACCprm, andACCadd. On theA19 dataset, FFCIL
significantly outperformed FACT on ACCadd (p = 0.00043),
while improvements in ACCall and ACCprm showed positive
trends but did not reach statistical significance (p = 0.386
and p = 0.056, respectively). For the CUB dataset,
FFCIL achieved highly significant gains across all metrics,
including ACCall (p = 4.8 × 10−19), ACCprm (p =
7.6 × 10−6), and ACCadd (p = 0.00499), demonstrating
both superior base-class retention and incremental learning
performance. On the Stanford dataset, FFCIL significantly
outperformed FACT in ACCall (p = 0.0028) and ACCadd
(p = 7.85 × 10−6), with ACCprm differences not reaching
significance (p = 0.322). These results collectively indicate
that FFCIL consistently improves over the most competitive
baseline, particularly in the novel-class metrics (ACCadd),
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TABLE 5. ACCall comparison of five baseline methods and the proposed FFCIL.

TABLE 6. ACCprm comparison of five baseline methods and the proposed FFCIL.

while maintaining or enhancing performance on previously
learned classes.

To further examine FFCIL’s decision-making process,
we present representative heatmaps for eight examples
across three classes (Fig. 10). Subfigures 10a and 10b
show correctly classified instances of class 1, where the
model clearly attends to class-relevant regions, demonstrating
focused and semantically meaningful feature extraction.
In contrast, subfigures 10c and 10d depict false positives for
class 1, exhibiting more diffuse attention and highlighting
regions that may have contributed to misclassification.
Subfigures 10e and 10f illustrate true positives from class 2,
while 10g and 10h correspond to true positives from

class 8. Despite the high visual similarity among these last
four samples and their slight resemblance to class 1, the
model successfully differentiates the classes and concentrates
on the discriminative features specific to each sample.
These qualitative results complement quantitative metrics,
providing clear evidence that FFCIL not only achieves
high accuracy but also relies on meaningful, class-specific
features, even in challenging few-shot incremental scenarios.

B. ABLATION TEST
The first ablation test removes one or more components
and observes their impact on the accuracy of the first and
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TABLE 7. ACCadd comparison of five baseline methods and the proposed FFCIL.

TABLE 8. Comparison of performance dropping rate (PD) on all three
datasets.

TABLE 9. Ablation study on removing individual components.

last image group (d0 and d4) at the last task (t = 4)
on the A19 dataset. As shown in Table 9, removing all
components results in the lowest accuracies (83.73% and
15.26%), indicating that none of the individual techniques
alone is sufficient to address the FSCIL challenges. Adding
DCL or MM individually increases ACCd0

4 by 0.56%
and 3.42%, respectively, demonstrating their limited but
complementary effects when applied in isolation. Notably,
their combination boosts ACCd0

4 by 3.1%, and ACCd4
4 by

12.55%, an improvement that cannot be achieved by applying
either component alone. This indicates that DCL and MM
positively influence both previously learned classes and the
newly introduced ones.

Furthermore, incorporating triplet loss yields additional
gains of 5.15% and 13.29% for ACCd0

4 and ACCd4
4 ,

TABLE 10. Ablation study on weight settings.

respectively. These results confirm that the performance
gains arise not from any single technique, but from the
coordinated combination of DCL, MM, and triplet loss
within the CEC framework, validating the effectiveness of the
proposed FFCIL method. More importantly, the consistent
performance gains observed across different component
combinations indicate that the multiple applied losses
improve generalization rather than causing overfitting, as no
performance degradation or instability is observed when
losses are combined.

The second ablation study investigates the effect of
alternating the loss weights (9) between the recommended
DCL values: 0.01 and 1. For each configuration, we report the
validation accuracies of the classification (valC), discrimina-
tion (val S), and region alignment networks (val R), as the
loss weights directly affect their respective optimization
objectives. Therefore, it allows a closer analysis of weight
sensitivity without requiring evaluation of the entire training
pipeline.

As shown in Table 10, the configuration with all weights
set to 1 yields the most balanced validation accuracies
across all networks. Notably, this setting also yields the
highest validation accuracy for the classification network.
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An exception is observed when β is set to 0.01 while
the other weights remain at 1. In this case, the region
alignment subnetwork achieves a higher validation accuracy
of 94.42%; however, the classification network accuracy
drops to 43.64%, representing a decrease of 12.76% com-
pared to the all-ones configuration. Since the classification
network is directly used during the subsequent training
stage, maintaining its performance is critical. Consequently,
we select the configuration with all weights set to 1, as it
provides the most stable and reliable performance across
three DCL networks.

VI. CONCLUSION
This study introduces FFCIL, a few-shot class incremental
learning method for fine-grained defect classification in
thin-film transistor liquid crystal display. FFCIL demon-
strates strong performance in addressing the challenge of
incremental fine-grained datasets, achieving competitive or
superior results against existing methods in our evaluations.
This method employs destruction and construction learning
to capture fine-grained features during pretraining, applies
manifold-mixup as a placeholder strategy for seamless
new classes integration with minimal samples, and utilizes
triplet loss in the pseudo-incremental learning to refine
classification. The experimental findings on the proprietary
A19 dataset against TEEN show a consistent improvement,
with a 16.36% (ACCall), 18.86% (ACCprm), and 14.08%
(ACCadd). On the Stanford Dogs and CUB-200 public
datasets, FFCIL achieves substantial performance gains,
improving overall accuracy by up to 39.58% and 31.81%;
increasing previous knowledge retention by up to 40.46%
and 34.48%; and enhancing new knowledge acquisition by
up to 46.52% and 25.89%, respectively. Furthermore, FFCIL
exhibits the lowest performance dropping rate (PD), reducing
it to as low as 15.16% on the Stanford Dogs dataset. These
findings underscore FFCIL’s adaptability across domains and
its effectiveness in addressing data limitations in fine-grained
defect classification systems.
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