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 A B S T R A C T

Defect detection in solar cells is essential to ensure the reliability and efficiency of solar energy sys-
tems. Existing electroluminescence-based defect detection methods have been widely applied as a non-
destructive technique in automatic and intelligent photovoltaic (PV) defect inspection systems. However, 
existing electroluminescence-based defect detection methods fail to consider the actual dynamic operating 
conditions (e.g., temperature and humidity) that impact defect evolution during the lifecycle of a PV module. 
To address the gap, we propose SegAdapt, a novel knowledge distillation framework designed for PV defect 
segmentation in dynamic conditions. SegAdapt leverages knowledge distillation to effectively transfer historical 
defect knowledge from previous model to the new one, thereby preserving prior learning while adapting to 
newly emerging defects. To highlight slender defects during distillation, we propose an attention mechanism 
based on fast normalization. To further retain old defect segmentation capabilities while learning new 
types, we perform auxiliary multi-label recognition at all levels of the model encoder during distillation. 
This strategy ensures the model effectively distinguishes various defects without catastrophic forgetting. 
Experiments demonstrate that our method is superior to other general methods in the continual learning 
setting, achieving robust and accurate segmentation of PV defects under dynamic operational scenarios.
1. Introduction

Photovoltaic (PV) power generation is a clean, environmental friendly, 
and sustainable energy source, which has seen rapid development 
globally [1]. In 2023, the newly installed photovoltaic capacity in-
creased from 236 GW in 2022 to 446 GW, representing a growth of 
approximately 89% [2]. As the core component of PV systems, the 
reliability of PV modules is closely tied to the overall performance and 
efficiency of the power generation system. However, during assembly 
and operation, PV modules are inevitably exposed to external forces or 
environmental stresses, leading to defects such as cracks, corrosion, and 
interconnect [3]. These defects can shorten the lifespan of PV modules 
and influence their efficiency, negatively impacting the entire PV 
system [4]. Therefore, developing robust and accurate defect detection 
methods is crucial, as it could enhance the long-term reliability and 
efficiency monitoring of photovoltaic modules.

Existing methods typically detect solar cell defects through vi-
sual inspection, current–voltage (I-V) curve analysis [5], infrared ther-
mal (IRT) imaging [6], and electroluminescence (EL) imaging tech-
niques [7]. Visual inspection mainly relies on the subjective judgment 
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of the experts, which is time-consuming and labor-intensive. While 
the I-V curve analysis is simple in principle, it is not sensitive to tiny 
defects. IRT suffers from low resolution and poor defect inspection 
accuracy [6]. In contrast, as a non-destructive technique, EL imaging 
provides high-resolution images, which help detect defects within solar 
cells. Therefore, we focus on detecting defects in solar cells through the 
EL imaging technique.

Although numerous EL-based defect segmentation [8,9] methods 
have been proposed, they are typically trained on fixed datasets with 
a predefined set of defect classes, as illustrated in Fig.  1(a). Therefore, 
they suffer from several limitations in real world applications. Firstly, 
they are inherently unsuitable for scenarios where new defect classes 
continuously emerge. In practice, this limitation is critical because 
PV systems are deployed in geographically diverse and dynamically 
changing environments, where factors such as variations in temper-
ature, humidity, and other localized operating conditions can induce 
previously unseen defect types at different sites or at various stages of 
a system’s operational lifespan. Secondly, it is impractical to store the
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Fig. 1. Traditional one-off training paradigm and continual learning paradigm. (a) Traditional one-off training paradigm. (b) Continual learning paradigm.
entire historical dataset due to its scale and the evolving nature of 
defect distributions across locations and time. Thirdly, even if data 
storage were not a constraint, to accommodate these new data would 
require retraining the model with all the historical and newly collected 
data, which is both time-consuming and computationally expensive. 
These limitations significantly undermine the practicality and scalabil-
ity of existing methods in long-term PV system monitoring. To address 
the limitations, this paper explores the PV defect segmentation in the 
context of continual learning1 (CL) for the first time. Unlike previous 
methods, our approach could incrementally acquire and accumulate de-
fect knowledge over time, closely resembling human lifelong learning 
mechanisms, as shown in Fig.  1(b).

The main obstacle in CL is catastrophic forgetting, a phenomenon 
characterized by significant performance deterioration on previously 
learned tasks when models adapt sequentially to new tasks. This issue 
is particularly pronounced when identifying defects in EL solar cell 
images, where target defects are often indistinct and backgrounds 
are visually complex. Consequently, defects can be easily mistaken 
for background structures such as busbars. Additionally, PV defects 
exhibit substantial variations in spatial scale, further complicating their 
accurate segmentation. While existing CL methods perform well on 
general images with distinct subjects and clear backgrounds, they 
struggle with EL solar cell images due to the intricate textures and 
subtle defect patterns. Irrelevant knowledge about background rather 
than crucial defect-related information may be transferred to the new 
model, thereby exacerbating catastrophic forgetting.

To tackle the issues above, this paper proposes a novel knowl-
edge distillation framework SegAdapt tailored for PV module defect 
segmentation in dynamic conditions. In our method, the proposed fast-
normalization feature fusion mechanism explicitly emphasizes slen-
der or thin defects during the distillation process, effectively guiding 
the model’s attention toward these easily overlooked defect regions. 
Considering the subtle defect patterns inherent in EL images, we fur-
ther implement auxiliary multi-label recognition, which comprises two 
parts: auxiliary multi-label classification using pseudo-labels to transfer 
defect-type knowledge and auxiliary multi-label logit distillation based 
on the old model to transfer soft-target knowledge. Through the auxil-
iary multi-label recognition, our model could retain global awareness 
of all learned defect categories and learn better representations of each 
defect class, thus reducing the forgetting of old defect classes.

The main contributions in our paper are as follows:

1 Also known as ‘incremental learning’ or ‘lifelong learning’.
2 
(1) To the best of our knowledge, we are the first to study PV defect 
segmentation in the context of continual learning. Considering 
the prior defects’ characteristics, we propose SegAdapt, a novel 
knowledge distillation framework tailored for PV defect seg-
mentation in dynamic conditions. SegAdapt utilizes accumulated 
defect knowledge and can effectively handle scale variations and 
noise sensitivity.

(2) To highlight slender or thin defects, we propose an attention 
mechanism based on fast-normalization feature fusion. This en-
hances the attention to slender defects and guides the knowledge 
distillation of relevant defect information.

(3) To capture defect knowledge across various levels and types, 
mitigate forgetting of old classes and facilitate adaption for new 
ones, we implement auxiliary multi-label recognition at all levels 
of the model encoder. This helps the model learn information 
about different defects across multiple levels effectively.

(4) Experimental results demonstrate that our SegAdapt is superior 
to other general CL methods — originally designed for natural 
scenes — in both new and existing defect segmentation.

2. Related work

2.1. EL-based automatic PV defect detection

Early EL-based research [10,11] primarily employed traditional 
pattern recognition methods. Most of them detect defects by analyzing 
the relationships in the frequency and spatial domains. However, these 
methods rely on manual parameter tuning and often lack robustness.

Since the advent of Convolutional Neural Network (CNN), scholars 
have increasingly adopted deep learning methods to detect defects. 
Some researchers focused on distinguishing normal and defective solar 
cells. Zhang et al. [12] designed a lightweight defect detection network 
using neural architecture search to optimize network structure. Zhang 
et al. [7] proposed a network guided by global pairwise similarity 
and serial saliency for automatic defect detection based on their vi-
sual characteristics. However, these methods fail to localize defects 
precisely.

Other researchers used object detection techniques to localize defect 
regions. Su et al. [13] proposed a complementary attention network 
that suppresses background noise and focuses on defect regions. Wang 
et al. [14] applied CL techniques for solar cell defect detection, en-
abling the model to adapt and detect new defect types quickly. This 
work demonstrates that CL aids in detecting newly emerging defects. 
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Fig. 2. Pipeline of the proposed SegAdapt. At training step 𝑡, the old model 𝑀𝑡−1 is frozen, while the new model 𝑀𝑡 is trainable. The input images 𝑋𝑡 are fed 
into 𝑀𝑡−1 and 𝑀𝑡. The new model 𝑀𝑡 learns old defect types through distillation and pseudo-labels generated by the frozen old model.
Nonetheless, these methods still cannot accurately segment defects in 
solar cells.

Some studies aim to locate and segment defects in solar cells pre-
cisely. Jiang et al. [15] introduced squeeze-and-excitation (SE) atten-
tion mechanism [16] in M-net to prevent segmentation failure during 
inference despite success in training. To enhance the interaction with 
multi-level information, Zhou et al. [8] proposed a multi-level pyramid 
strategy and a neighbor attention fusion module to refine the defect seg-
mentation. However, these methods fail to consider the actual dynamic 
operating conditions that impact defect evolution.

To address this issue, this paper explores PV defect segmenta-
tion in the context of continual learning. We propose a novel knowl-
edge distillation framework SegAdapt, tailored for PV module defect 
segmentation in dynamic conditions.

2.2. Continual semantic segmentation

Class-incremental semantic segmentation has been a cutting-edge 
hotspot. Two main challenges in this field are catastrophic forget-
ting [17] and background semantic shift [18]. Catastrophic forgetting 
refers to the drastic performance degradation of a model on previously 
learned tasks when facing new tasks. Background semantic shift occurs 
when old types are classified as background in image masks that 
include new types, preventing the model from effectively learning the 
knowledge related to old types.

To alleviate these problems above, some researchers [19,20] pro-
posed to retrospect known knowledge through sample replay. However, 
replay-based methods generally require exemplar memory, incurring 
additional costs. A more efficient approach is knowledge distillation, 
which transfers knowledge from the old model to the new one to 
alleviate forgetting. PLOP [21] retained long- and short-range spatial 
relationships between features through a multi-scale pooling feature 
distillation technique. ALIFE [22] addressed catastrophic forgetting 
through adaptive output distillation combined with feature replay. 
IDEC [23] employed feature knowledge distillation to prevent forget-
ting and apply region-based contrastive learning to tackle background 
semantic shift. LSKD [24] proposed output distillation based on class 
similarity, forcing the new model to mimic the old model’s outputs for 
knowledge transfer.

Although these methods perform well on images with distinct sub-
jects and clear backgrounds, they struggle with EL solar cell images, 
where textures are often blurry and defects can easily be confused 
with background noise. Thus, their performance in defect segmentation 
requires further improvement.
3 
3. Methodology

To the best of our knowledge, this is the first to study PV defect 
segmentation in the context of continual learning. Fully considering the 
large spatial scale variation of defects and susceptibility to noise, we 
propose SegAdapt, allowing continual segmentation of defects.

As shown in Fig.  1(b), the class-incremental continual segmentation 
process consists of a base task 𝑇0 and class-incremental tasks 𝑇𝑡 (𝑡 =
1, 2,… , 𝑃 ). In 𝑇0, the base model 𝑀0 is trained in a traditional one-off 
paradigm on the static base data 𝐷0 = {𝑋0, 𝑌0} to study the base class 
𝐶0. 𝑋0 ∈ R𝐶×𝐻×𝑊  denotes the input images and 𝑌0 ∈ R𝐻×𝑊  denotes 
the corresponding ground truth. In the subsequent steps 𝑡, the model 
𝑀𝑡−1 updates by data 𝐷𝑡, which introduces new classes 𝐶𝑡. And the 
ground truth 𝑌𝑡 only covers 𝐶𝑡.

3.1. Overall framework

In the class-incremental task 𝑇𝑡, the model follows the framework 
illustrated in Fig.  2 to eliminate the issue of forgetting caused by the un-
availability of historical data. To explicitly manage incremental knowl-
edge updating, we construct a ‘‘teacher-student’’ architecture, where 
historical defect knowledge is distilled from a frozen teacher model 
𝑀𝑡−1 into the student model 𝑀𝑡. Specifically, this knowledge transfer 
is performed through attention-based feature distillation with auxiliary 
multi-label recognition. Additionally, adaptive segmentation logit dis-
tillation is utilized to further mitigate forgetting. During training, the 
input images 𝑋𝑡 are fed to both 𝑀𝑡−1 and 𝑀𝑡 to generate multi-level 
feature maps 𝐹𝑡−1 and 𝐹𝑡. Through the layer-wise feature distillation, 
low-level features that capture defect edges and shapes, along with 
high-level semantic features are transferred from the old model 𝑀𝑡−1
to the new model 𝑀𝑡, ensuring continual defect segmentation accuracy 
across incremental tasks.

Since ground truth 𝑌𝑡 only covers new defect category 𝐶𝑡. If 𝑌𝑡
is the only output supervision, the model will classify the defect 𝐶𝑡
as foreground while incorrectly recognizing the old defects 𝐶0∶𝑡−1 as 
background, exacerbating catastrophic forgetting. Therefore, we utilize 
the prediction results 𝑌𝑡−1 from 𝑀𝑡−1 combined with ground truth 
𝑌𝑡 to generate pseudo-labels 𝑌𝑡. This 𝑌𝑡 is then used for auxiliary 
multi-label recognition and pseudo-label segmentation supervision at 
step 𝑡. Thus, our model can learn new classes through multi-category 
knowledge from distillation while reviewing the learned old classes via 
pseudo-labels.

Moreover, due to the imbalance defect distribution, we augment the 
minority type data before training to ensure successful training and 
assign higher weights to them during training. This helps the model 
learn representative features, improving generalization and robustness.
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Fig. 3. Feature knowledge distillation with attention mechanism and auxiliary multi-label recognition. The old model and new model are attached with auxiliary 
classifiers at different levels.
The total loss function total during training consists of three com-
ponents: the pseudo-label segmentation supervision CE [25], the adap-
tive segmentation logit distillation loss 𝑜 [22], the feature distillation 
loss FD: 
𝑡𝑜𝑡𝑎𝑙 = 𝐶𝐸 + 𝐹𝐷 + 𝑜. (1)

FD will be detailed in Section 3.2. Particularly, in the base learning 
task, the loss function only comprises CE to measure the loss between 
the ground truth and the predictions.

The remainder of this chapter will provide a detailed explanation of 
SegAdapt discussed in this section. Section 3.2 explains the proposed 
knowledge distillation based on fast normalization attention and auxil-
iary multi-label recognition, while Section 3.3 describes the generation 
and fusion process of pseudo-labels.

3.2. Feature distillation with attention and auxiliary multi-label recognition

Defects in solar cells exhibit large spatial scale variations and are 
easily confused with background noise, which increases the likelihood 
of the model confusing new and old defect types and even forgetting 
old defects during CL. To address catastrophic forgetting, we propose a 
multi-level feature distillation strategy based on attention and auxiliary 
multi-label recognition. This strategy fully utilizes the prior knowledge 
in the old model, performing feature alignment at all layers of the 
network. This helps the new model learn both the shape and semantic 
information of old defects from the old model. As shown in Fig.  3, 
to obtain multi-level features 𝐹𝑡 and 𝐹𝑡−1, the training image 𝑋𝑡 is 
input into both the new and old models. Only the new model is 
trainable, while the old model is frozen to prevent the backpropagation 
of gradients through the old model.

To highlight slender or thin defects which often suffer from in-
sufficient representation in defect detection, we propose an attention 
mechanism based on fast-normalization feature fusion. For feature 
maps 𝑥 at different levels, we explicitly model the inter-dependencies 
between pixels within an image patch 𝑅 and obtain the attention 
map. The attention map then guides information transmission as part 
of the attention distillation process, which ensures slender defects 
that are easily overlooked could be robustly captured and maintained 
across learning steps. As shown in Eq. (2), our attention mechanism 
employs a computationally efficient weighted-average fusion operation 
within each image patch. This design not only reduces computational 
complexity but also maintains smooth differentiability, allowing stable 
4 
gradient backpropagation and substantially improving the stability and 
effectiveness of the feature distillation process.

𝐴𝑟 =
∑

𝑖∈𝑅𝑟

𝑥𝑖
𝜖 +

∑

𝑗∈𝑅𝑟
𝑥𝑗

⋅ 𝑥𝑖 (2)

𝑥 denotes the feature at each block of the feature extraction network, 
and 𝑖 or 𝑗 denotes the index of each point within the image patch 𝑅. 
𝑥𝑖 or 𝑥𝑗 represents the corresponding feature value. 𝐴𝑟 is the attention 
value obtained for the 𝑟th image patch. The size of the image patch 𝑅
is 𝑘 × 𝑘, where 𝑘 = 2. Additionally, to avoid numerical instability, 𝜖 is 
set to 0.001.

Next, inspired by feature distillation [26], we accomplish the atten-
tion distillation based on our proposed normalization-based attention 
and perform distillation via the cosine similarity: 

𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 =
1
𝑁

𝑁
∑

𝑙=1
𝐿𝑐𝑜𝑠

(

𝐴
(

𝐹 𝑙
𝑡−1

)

, 𝐴
(

𝐹 𝑙
𝑡
))

, (3)

where 𝑁 denotes the number of feature levels, which in this paper is 4. 
𝐴(⋅) refers to the attention mechanism defined in Eq. (2), and 𝑙 indicates 
which level the feature map is from. Unlike the pure feature distillation, 
we distill the attention maps which can transfer the highlighted defect 
regions.

Unlike natural scenes, PV defects exhibit much larger variations 
in spatial scale. Solely relying on attention distillation may cause 
the new model to focus excessively on larger defect types, neglect-
ing the semantic information of smaller defects, thereby exacerbating 
catastrophic forgetting during CL. To learn defect-type knowledge and 
soft-target knowledge across different levels, we further implement aux-
iliary multi-label recognition, which includes the auxiliary multi-label 
classification using pseudo-labels and the auxiliary multi-label logit 
distillation based on the old model. Among them, the auxiliary multi-
label classification is defined as the BCE (Binary Cross-entropy) [27]: 

𝑚𝑢𝑙𝑡𝑖−𝑙𝑎𝑏𝑒𝑙 =
1
𝑁

𝑁
∑

𝑙=1
𝐿𝐵𝐶𝐸

(

𝑐𝑙
(

𝐴
(

𝐹 𝑙
𝑡
))

, 𝑇 (𝑌𝑡)
)

. (4)

Here, 𝑐𝑙(⋅) is the auxiliary classifier attached at each level of the fea-
ture extraction network, and the function 𝑇  transforms the pixel-level 
pseudo-label 𝑌𝑡 to image-level labels. The weighted BCE loss calcu-
lates weights based on the pixel proportion of each defect category, 
i.e., assigning higher weights to tail classes with fewer pixels to ensure 
sufficient focus during training. Notably, 𝑌  contains previously learned 
𝑡
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old types and newly emerging types. This forms the basis of defect-
type knowledge, which captures the presence of different defect types 
in each image. Through the auxiliary multi-label classification using 
𝑌𝑡, the model could incorporate defect-type knowledge that reinforces 
its memory of features from old defect types but also enhances its 
understanding of new defect features. This facilitates feature alignment 
across multiple network levels, ultimately leading to improved overall 
performance in defect segmentation.

Additionally, we perform auxiliary multi-label logit distillation based
on the old model across multiple levels using the KL (Kullback–Leibler) 
divergence [26]: 

𝑙𝑜𝑔𝑖𝑡 =
1
𝑁

𝑁
∑

𝑙=1
𝐿𝐾𝐿

(

𝑐𝑙
(

𝐴
(

𝐹 𝑙
𝑡−1

))

, 𝑐𝑙
(

𝐴
(

𝐹 𝑙
𝑡
)))

. (5)

If the probability distributions of the two logits are very similar, their 
KL divergence will be small, indicating that the new model’s fea-
ture representation at that level is highly similar to the old model’s. 
Conversely, if the KL divergence is large, it suggests a significant 
difference in features between the new and old models. Through the 
auxiliary multi-label logit distillation, the model incorporates the soft-
target knowledge which captures the soft decision boundaries of the 
old model.

In summary, the feature distillation loss FD in Section 3.1 con-
sists of attention loss, auxiliary multi-label logit loss, and auxiliary 
multi-label classification loss: 
𝐹𝐷 = 𝜆𝑎𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 + 𝜆𝑙𝑙𝑜𝑔𝑖𝑡 + 𝜆𝑚𝑚𝑢𝑙𝑡𝑖−𝑙𝑎𝑏𝑒𝑙 , (6)

where 𝜆𝑎, 𝜆𝑙, and 𝜆𝑚 are the hyper-parameters respectively.

3.3. Pseudo-labels

Since the ground truth 𝑌𝑡 in the training set 𝐷𝑡 only marks the defect 
𝐶𝑡 being learned, previously learned old types 𝐶0∶𝑡−1 are treated as 
background. This means that during CL, the model’s understanding of 
the background dynamically changes with each task, leading to back-
ground semantic shift, which exacerbates the problem of catastrophic 
forgetting. To address this issue, we employ a pseudo-label strategy 
adopted by [21] to leverage the prediction results 𝑌𝑡−1 from the model 
at step 𝑡 − 1 and retain knowledge of previously learned types: 

𝑌𝑡(𝑖, 𝑗) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑌𝑡(𝑖, 𝑗), if 𝑌𝑡(𝑖, 𝑗) ≠ 0,
𝑌𝑡−1(𝑖, 𝑗), if 𝑌𝑡(𝑖, 𝑗) = 0 and 𝑌𝑡−1(𝑖, 𝑗) ≠ 0

 and 𝑝 > 𝜏,
0, otherwise .

(7)

During incremental learning (𝑡 > 2), if a pixel (𝑖, 𝑗) belongs to the 
defect in the current ground truth 𝑌𝑡, the true label is used directly. If 
the pixel (𝑖, 𝑗) is background in the current ground truth 𝑌𝑡 but some 
defect in 𝑌𝑡−1, and the probability 𝑝(𝑖, 𝑗) of belonging to some old defect 
class 𝐶0∶𝑡−1 exceeds the threshold 𝜏, the prediction result is adopted. All 
remaining pixels are treated as background. The right half of Fig.  2 also 
illustrates the pseudo-label fusion process, where old types predicted by 
the old model are marked in red, and new types are marked in blue.

4. Results

4.1. Dataset

The dataset used is the public solar cell dataset UCF EL [3]. It 
comprises both monocrystalline and polycrystalline silicon solar cell 
images. The total image number is 11,851. There are four main types 
of defects, as illustrated in Fig.  4. Our training and testing set divisions 
are consistent with the original work.

To train smoothly, we perform data augmentation on the original 
258 images of these two rare classes before training. The data augmen-
tation includes random rotation from +25◦ to −25◦, random scaling 
5 
Fig. 4. Examples of each defect category are shown, with the corresponding 
ground truth (GT) masks overlaid on the original images. The GT annotations 
indicate the true defect regions, where contact is marked in blue, interconnect 
in purple, corrosion in yellow, and crack in red. Among them, contact and 
interconnect appear particularly thin and subtle, compared with the busbar 
and noise in the background.

Fig. 5. The distribution of each class in the training set before and after data 
augmentation.

from 0.5 to 2.0, random flipping, and random cropping with a scale 
factor of 0.8 applied with a probability of 0.8. As a result, the number 
of images of these two classes is expanded to approximately 4000, 
which helps provide sufficient training samples for the CL process. It 
is worth noting that the purpose of performing image augmentation 
before training is to enable the successful training of the continual PV 
defect segmentation task, rather than eliminating the class imbalance 
problem in the dataset. After image augmentation, the class imbalance 
problem still persists, as illustrated in Fig.  5.

To simulate real-world CL scenarios, certain defects are treated as 
base classes 𝐶0 in the base task 𝑇0, and the remaining types are sequen-
tially introduced as new classes 𝐶𝑡 in incremental tasks 𝑇𝑡. Accordingly, 
we design three scenarios that reflect different class-incremental dy-
namics in Table  1. ‘‘3-1’’ means contact, interconnect, and corrosion are 
the base classes 𝐶0, with crack as the incremental class 𝐶1, including 
two steps. Similarly, ‘‘2-2’’ means contact and interconnect are the base 
classes 𝐶0, followed by corrosion and then crack, including three steps.

4.2. Evaluation metrics

The quantitative evaluation metric employed in this paper is the 
standard mean Intersection over Union (mIoU), a metric widely adopted
in segmentation tasks [28]: 

𝑚𝐼𝑜𝑈 = 1
𝐶𝐾
∑ 𝑇𝑃𝑖 , (8)
𝐶𝐾 𝑖=1 𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖
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Table 1
Settings for different CL scenarios. Bg, Ct, It, Co, Ck indicate background, contact, interconnect, corrosion, 
crack, respectively.
 CL scenario 𝐶0 𝐶1 𝐶2 𝐶3 
 3-1 Bg, Ct, It, Co Ck – –  
 2-2 Bg, Ct, It Co Ck –  
 1-1 Bg, Ct It Co Ck 
Table 2
Quantitative experimental results (%), where the best performance is in bold and the second best performance is underlined. 𝐹 𝑖𝑛𝑒− 𝑡𝑢𝑛𝑒
and 𝐽𝑜𝑖𝑛𝑡 are the lower bound and upper bound respectively.
 Method 3-1 (2 steps) 2-2 (3 steps) 1-1 (4 steps)
 mIoUold mIoUnew mIoU mIoUold mIoUnew mIoU mIoUold mIoUnew mIoU  
 𝐹 𝑖𝑛𝑒 − 𝑡𝑢𝑛𝑒 3.30 33.77 9.39 0.18 12.91 5.27 0.02 6.67 4.01  
 LwF [29] 30.74 38.80 32.35 27.41 19.28 24.16 38.68 11.90 22.61 
 PLOP [21] 34.58 57.00 39.06 27.62 22.23 25.46 48.57 12.33 26.83 
 ALIFE [22] 38.75 61.31 43.26 34.02 23.99 30.01 52.45 19.13 32.46 
 IDEC [23] 38.18 51.60 40.86 31.23 27.94 29.91 60.35 18.48 35.23 
 LSKD [24] 41.54 59.72 45.18 38.44 28.63 34.52 60.46 19.94 36.15 
 Ours 43.03 59.54 46.33 41.38 48.61 44.27 61.99 24.26 39.35 
 𝐽𝑜𝑖𝑛𝑡 – – 47.50 – – 47.50 – – 47.50 
where 𝑇𝑃𝑖, 𝐹𝑃𝑖, and 𝐹𝑁𝑖 are the numbers of true positive, false 
positive, and false negative pixels for class 𝑖. And 𝐶𝐾 is the total number 
of classes.

Based on Eq. (8), we evaluate the performance of CL methods 
through three derived metrics: mIoUold, mIoUnew, and mIoU scores. 
Following prior work such as [22], these metrics are computed after 
completing all training steps in each CL scenario. Specifically, mIoUold
reflects the model’s anti-forgetting ability by measuring performance on 
the old classes 𝐶0, while mIoUnew captures plasticity by evaluating per-
formance on newly introduced classes 𝐶1∶𝐾 . The overall mIoU on 𝐶0∶𝐾
reflects the trade-off between plasticity and anti-forgetting capability.

4.3. Implementation details

For fairness, we use DeepLab v3 with a ResNet-101 backbone pre-
trained on ImageNet as the semantic segmentation model in all the 
experiments. During the training process of each method, the model 
is updated using the SGD optimizer, with an initial learning rate of 
0.0005. In every step, we train each model for 100 epochs with a batch 
size of 8. In the training process, data augmentation methods including 
random rotation and random cropping are applied. The resolution of 
input images is set to 512 × 512 pixels. For hyper-parameters, we set 
𝜏 = 0.55, 𝜆𝑎 = 1, 𝜆𝑙 = 20, 𝜆𝑚 = 1. Moreover, for ALIFE [22], we do not 
consider the replay module. All experiments are conducted on a server 
equipped with 2 NVIDIA GeForce RTX 3090 GPUs.

4.4. Comparison to competing methods

According to scenarios in Table  1, we compare our method with 
five advanced general CL methods in Table  2. In addition, we provide 
the performance of two non-continual learning methods, ‘‘Fine-tune’’ 
and ‘‘Joint’’, which can be seen as the results of traditional PV defect 
segmentation methods in the dynamic condition. ‘‘Fine-tune’’ refers to 
the model updates only through new data, which causes catastrophic 
forgetting about old classes, and the result can be seen as the lower 
bound. ‘‘Joint’’ refers to training on both the historical and new data 
at one time, under the assumption that all historical data are always 
available and training costs are not a concern, and can be seen as the 
upper bound.

Under the 3-1 scenario, our method achieves the optimal perfor-
mance in anti-forgetting, where mIoUold is 1.49% higher than the 
suboptimal LSKD [24]. Although ALIFE [22] performs better on in-
cremental learning classes, the performance of our method on all 
classes is optimal. Under 2-2 and 1-1 multi-step scenarios, our method 
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outperforms other methods by at least 1.53% in mIoUold and 4.32% in 
mIoUnew. This suggests that we have good effects in reducing forgetting 
and maintaining model stability through the defect-type and soft-target 
knowledge.

Moreover, it could be observed from Table  2 that the 3-1 sce-
nario yields higher mIoUnew but lower mIoUold, while the 1-1 scenario 
exhibits the opposite pattern. The observed discrepancy reflects the 
inherent characteristics of the PV defect dataset, i.e., its severe class 
imbalance and varying learning difficulty among defect classes. Some 
defect types (e.g., interconnect and corrosion) constitute less than 1% 
of the training samples, while certain defect types (e.g., interconnect 
and contact) exhibit subtle morphological features and thin structural 
patterns, making them more challenging to learn. In the 3-1 scenario, 
the challenging defect types — interconnect and contact — are treated 
as old classes, while the new classes consist of easier types. As a result, 
mIoUnew is higher, whereas mIoUold is lower. In contrast, in the 1-1 
scenario, these challenging types are treated as new classes, and the 
old classes consist of easier types. Consequently, the mIoUold is higher 
and mIoUnew is lower.

Regarding the variation of mIoU across different scenarios, more 
incremental steps make it more difficult to balance the trade-off be-
tween plasticity and anti-forgetting capability, leading to lower overall 
performance. For example, the highest mIoU is achieved in the 3-1 
scenario with the fewest incremental steps, while the lowest mIoU is 
achieved in the 1-1 scenario with the most incremental steps; the 2-2 
scenario falls in between.

Fig.  6 illustrates the qualitative evaluation results in 3-1 scenario. 
The first and second rows display monocrystalline cell images, while 
the third row shows polycrystalline cells with complex background 
noise. The second column shows the results of PLOP [21]. It exhibits 
poor performance for all defects. The third column shows the results 
of ALIFE [22], which only relies on output distillation. While it can 
roughly segment the crack defects, there are errors and omissions in 
the judgment of defect types. It misidentifies contacts as cracks in the 
polycrystalline cell. The fourth and fifth columns display results from 
the IDEC [23] and LSKD [24], both employing output and feature 
distillation. IDEC performs well in segmenting crack and contact but 
shows errors in corrosion and interconnect defects, particularly in the 
polycrystalline cells. LSKD yields similar results. Although it excels in 
segmenting cracks and contacts, it completely fails to identify inter-
connects in the image. In contrast, our method performs better in both 
monocrystalline and polycrystalline cells. Our method provides more 
precise and reliable accuracy in defect classification and segmentation, 
which is attributed to the proposed SegAdapt. Notably, it is the only 
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Fig. 6. Qualitative results in 3-1 scenario on the test set, with contact marked in blue, interconnection in purple, corrosion in yellow, and crack in red. GT is 
referred to as ground truth, which is the true defect mask for the original image. Our method is better than others (e.g., more accurate classification and shape 
of defects).
Fig. 7. Further evaluation results in 1-1 scenario on the test set. Our method 
maintains the highest mIoU after all incremental steps, indicating its superior 
ability to resist forgetting and adapt well to new types.

approach capable of correctly segmenting thin interconnects. This fur-
ther reinforces the efficacy of the proposed attention mechanism in 
emphasizing feature information for slender or thin defects, facilitating 
better information transmission during feature distillation.

In Fig.  7, we evaluate mIoU as it learns an increasing number of 
classes in the 1-1 scenario. Overall, the model performance exhibits 
a trend of initial decline followed by recovery. Specifically, there is 
a noticeable degradation for all methods when the second and third 
class is learned, which only rebounds in the fourth class. The drop in 
performance can be attributed to the introduction of interconnect and 
corrosion. Interconnects are particularly challenging to learn due to 
their small quantity and slender nature. Additionally, corrosions rarely 
co-occur with other defects and, like interconnects, appear in limited 
numbers. The model struggles to learn interconnects, resulting in poor-
quality pseudo-labels. It negatively impacts the model’s ability to learn 
corrosions, further degrading overall performance. Conversely, cracks 
introduced in the fourth step have a larger quantity and spatial scale, 
making them easier for the model to learn, thereby facilitating recovery 
in performance.

Through in-depth analysis, the performance of LwF [29] rapidly 
declines at the latter steps. Although more advanced methods like 
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IDEC [23] and LSKD [24] perform somewhat better, they still ex-
hibit performance degradation. In contrast, our method shows minimal 
decline in performance, indicating its superior ability to resist forget-
ting and adapt well to new types. Overall, our method achieves a 
commendable balance between plasticity and anti-forgetting capability.

4.5. Ablation results

In this subsection, we discuss three ablation experiments to demon-
strate the effectiveness of our method.

4.5.1. Visual comparison w/ and w/o proposed SegAdapt
We visualize the focus regions of the baseline and our method 

using Gradient-weighted Class Activation Mapping (Grad-CAM) [30]. 
Fig.  8 demonstrates that our method enhances the model’s attention 
towards slender or thin defects, allowing it to identify areas overlooked 
by the baseline. Additionally, the results in the second and third 
columns show that our method can focus on the shape and location of 
defects more accurately. This further confirms that the proposed feature 
knowledge distillation method, based on attention mechanisms and 
auxiliary multi-label recognition effectively highlights defect features, 
helping the model learn accurate representations of defects and thereby 
achieving more precise results.

4.5.2. Module contribution
We evaluate the impact of various feature distillation modules in 

Table  3. As shown in Table  3, each of the proposed modules inde-
pendently contributes to improvements in both mIoUold and overall 
mIoU. Among the three modules, the proposed attention distillation 
contributes the most to enhancing the model’s resistance to forgetting. 
For instance, in 3-1 scenario, incorporating the attention distillation 
increases mIoUold by 3.57%. Regarding the overall mIoU value, the 
auxiliary multi-label classification is essential to balance the plasticity 
and anti-forgetting capability when applied independently. It leads to 
an increase of 1.62% in the 3-1 scenario and an increase of 5.98% in 
the 2-2 scenario. Nevertheless, the best performance is achieved when 
all three modules are combined.

4.5.3. Contribution for the attention mechanism
This study compares the proposed attention mechanisms with other 

classical attention mechanisms. The comparison methods include the 
channel attention mechanism SE [16], the channel and spatial attention 
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Table 3
Ablation results showing the contribution of each module, using ALIFE [22] as the baseline. The abbreviations are as follows: ‘‘A. D.’’ 
stands for attention distillation, ‘‘A. L. D.’’ for auxiliary multi-label logit distillation, and ‘‘A. M. C.’’ for auxiliary multi-label classification.
 Modules 3-1 2-2 1-1

 A. D. A. L. D. A. M. C. mIoUold mIoUnew mIoU mIoUold mIoUnew mIoU mIoUold mIoUnew mIoU 
 38.73 61.31 43.25 34.02 23.99 30.01 52.45 19.31 32.46 
 ✓ 42.30 51.94 44.23 39.16 30.58 35.73 55.35 21.37 34.96 
 ✓ 38.76 63.96 43.80 36.61 28.37 33.31 54.41 19.54 33.49 
 ✓ 42.12 55.86 44.87 39.43 30.83 35.99 55.16 21.74 35.11 
 ✓ ✓ 41.50 59.08 45.02 38.20 30.59 35.16 54.87 22.61 35.51 
 ✓ ✓ 42.81 53.58 44.96 39.60 30.76 36.06 56.77 21.43 35.57 
 ✓ ✓ 41.78 56.78 44.77 39.33 37.24 38.49 58.17 22.74 36.91 
 ✓ ✓ ✓ 43.03 59.54 46.33 41.38 48.61 44.27 61.99 24.26 39.35 
Table 4
Quantitative results (%) of the attention mechanism in scenario 3-1. Time denotes the whole training 
time. The proposed attention mechanism is efficient in training time and helpful in performance.
 Pub./Year mIoUold mIoUnew mIoU Time (h) 
 SE [16] CVPR18 42.70 56.12 45.38 30.79  
 CBAM [31] ECCV18 40.33 59.30 44.12 35.23  
 CA [32] CVPR21 41.83 56.07 44.68 35.14  
 CCA [33] CVPR24 42.41 55.94 45.12 90.92  
 Ours – 43.03 59.54 46.33 9.53  
Fig. 8. The performance on the test set of the UCF EL dataset overlaid by 
Grad-CAM [30]. Various typical defective solar cells are presented. GT, which 
is the true defect mask is listed as the reference. Baseline is ALIFE, which 
does not incorporate the modules we proposed. The heat map highlights 
the area that the model focuses on. Our method significantly enhances the 
model’s attention toward slender or thin defects, allowing it to identify regions 
overlooked by the baseline.

block CBAM [31], channel attention CA [32], and spatial attention 
CCA [33].

From Table  4, it can be observed that our attention achieves the 
best performance in previously learned classes. The mIoUold is 0.33% 
higher than the second-best SE attention mechanism and 2.70% higher 
than the weakest CBAM attention mechanism. In terms of overall 
performance, our method is also the best, outperforming the second-
best by 0.95% and the lowest-performing method by 2.21%. Regarding 
the performance on new types, CBAM shows the best performance. 
However, it also exhibits the most significant degree of forgetting for 
learned types. This suggests that plasticity and stability are, to some 
extent, conflicting goals. Therefore, an ideal continual learning method 
should strive to achieve a relative balance between these two aspects.

In terms of training time, the proposed attention mechanism is the 
most efficient, requiring only 9.53 h to complete training with the same 
number of epochs. In contrast, models that incorporate other attention 
mechanisms require more than 30 h of training time, with CCA taking 
as long as 90 h.
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Overall, the proposed attention mechanism is not only efficient in 
training time but also helpful in performance. This indicates that our 
attention mechanism improves defect segmentation performance while 
greatly reducing training costs, which is highly beneficial for practical 
model deployment.

4.5.4. Effect of class introduction order
To study the impact of class order, we conducted an additional set of 

experiments in which the class introduction order followed an easy-to-
hard order for 3-1 and 1-1 scenarios. The learning difficulty is estimated 
based on the per-class IoU of the Joint approach. Accordingly, the 
defect classes are introduced in the following order: crack, contact, 
corrosion, and interconnect.

As shown in Table  5, our method consistently achieves the best 
performance among all CL approaches under 3-1 and 1-1 scenarios. 
Since the most challenging class is always treated as the new class, it 
consistently leads to lower mIoUnew across all CL methods. These re-
sults further confirm that even under the alternative class introduction 
order, our method can outperform other CL approaches in continual PV 
defect segmentation tasks.

5. Conclusion

This paper first studies PV defect segmentation under continual 
learning setting. Fully considering the prior characteristics of defects, 
we propose a novel knowledge distillation framework SegAdapt tai-
lored for PV defect segmentation in dynamic conditions. SegAdapt 
facilitates efficient fine-tuning with new data while effectively identi-
fying both old and new defect types. To highlight slender defects, we 
introduce a fast-normalization attention mechanism to guide relevant 
feature distillation. To mitigate forgetting and adapt to new types, 
auxiliary multi-label recognition ensures feature alignment across all 
encoder levels. Experiments across diverse incremental settings demon-
strate that SegAdapt consistently outperforms state-of-the-art general 
CL methods in photovoltaic defect segmentation, effectively balancing 
incremental knowledge representation and retention. The consistent 
performance across various scenarios and various orders validates that 
our approach — featuring the proposed fast normalization attention 
and auxiliary multi-label recognition — can significantly enhance the 
robustness of the knowledge distillation process. In summary, SegAdapt 
provides a practical knowledge-updating framework for PV defect seg-
mentation, which is highly valuable for real-world intelligent operation 
and maintenance systems.
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Table 5
Ablation results (%) under 3-1 and 1-1 scenarios with the easy-to-hard class introduction order. 𝐽𝑜𝑖𝑛𝑡 serves as the upper 
bound.
 Method 3-1 1-1

 mIoUold mIoUnew mIoU mIoUold mIoUnew mIoU 
 LwF [29] 33.68 1.07 27.16 44.55 2.37 19.24 
 PLOP [21] 38.49 5.93 31.98 45.39 3.11 20.02 
 ALIFE [22] 41.48 6.33 34.45 49.17 5.84 23.17 
 IDEC [23] 42.53 5.31 35.09 55.92 3.60 24.53 
 LSKD [24] 42.79 8.24 35.88 59.51 4.18 26.31 
 Ours 43.55 10.48 36.94 64.76 7.45 30.37 
 𝐽𝑜𝑖𝑛𝑡 – – 47.50 – – 47.50 
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