Applied Energy 355 (2024) 122184

Contents lists available at ScienceDirect

Applied Energy

journal homepage: www.elsevier.com/locate/apenergy

A lightweight network for photovoltaic cell defect detection in
electroluminescence images based on neural architecture search and
knowledge distillation

Jinxia Zhang ", Xinyi Chen ?, Haikun Wei ?, Kanjian Zhang ?

2 Key Laboratory of Measurement and Control of CSE, Ministry of Education, School of Automation, Southeast University, Nanjing, 210096, Jiangsu, China
b Southeast University Shenzhen Research Institute, Shenzhen, 518057, Guangdong, China

GRAPHICAL ABSTRACT

Automatic lightweight network design

multi-scale characteristic
of PV cell defects

T e e obtained model structure

network architecture  cell structure candidate operations

A " attention information
[ knowledge dlstlllatlon] feature information

logit information
task-oriented information

functional

T s

|—

pre-trained teacher model

Knowledge transfer

ARTICLE INFO ABSTRACT
Keywords: Nowadays, the rapid development of photovoltaic(PV) power stations requires increasingly reliable mainte-
Defect detection nance and fault diagnosis of PV modules in the field. Due to the effectiveness, convolutional neural network
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(CNN) has been widely used in the existing automatic defect detection of PV cells. However, the parameters
of these CNN-based models are very large, which require stringent hardware resources and it is difficult
to be applied in actual industrial projects. To solve these problems, we propose a novel lightweight high-
performance model for automatic defect detection of PV cells in electroluminescence(EL) images based on
neural architecture search and knowledge distillation. To auto-design an effective lightweight model, we
introduce neural architecture search to the field of PV cell defect classification for the first time. Since the
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defect can be any size, we design a proper search structure of network to better exploit the multi-scale
characteristic. To improve the overall performance of the searched lightweight model, we further transfer
the knowledge learned by the existing pre-trained large-scale model based on knowledge distillation. Different
kinds of knowledge are exploited and transferred, including attention information, feature information, logit
information and task-oriented information. Experiments have demonstrated that the proposed model achieves
the state-of-the-art performance on the public PV cell dataset of EL images under online data augmentation
with accuracy of 91.74% and the parameters of 1.85M. The proposed lightweight high-performance model can
be easily deployed to the end devices of the actual industrial projects and retain the accuracy.

1. Introduction

The lifetime of photovoltaic(PV) modules is essential for power
supply and sustainable development of solar technology. However, the
PV cells are easily affected by various external factors. During the
manufacturing process, minor operational errors may result in module
damages. In addition, vibration and shock during transportation and
installation may also cause module breakage. Defects such as cracks,
solder corrosion, cell interconnect breakage can make PV modules
unusable, and microcracks that are hard to observe will potentially
affect future output power and lifetime [1,2]. The above defects in PV
cells may cause module failure during operation, which can lead to
power reduction and even safety problems for the whole system [3].

The current-voltage (I-V) curve is used for detection of defective
PV modules. Changes in I-V characteristics can reflect those heavily
degraded modules. However, tiny cracks can hardly affect I-V char-
acteristics, thus are difficult to identify. These microcracks have the
potential possibility of separation and degradation, which can seriously
affect the future use [4]. As described in some research, microcracks
can cause power attenuation, the loss of which varies from 0.9% to
42.8%, and may cause hot spot effect [5,6]. Besides I-V curve, infrared
thermal(IRT) imaging [7] is another technology which can be used to
detect defects. The temperature of PV cells with defects is significantly
higher than other cells around them. However, the hot spots of the PV
modules are not necessarily caused by the defects. Other factors like
object occlusion can also lead to the abnormal detection results. Also,
microcracks which have not yet affecting power efficiency cannot be
recognized by IRT images with a relatively low resolution.

Due to the high resolution of imaging, electroluminescence (EL)
imaging [8] has become one of the most commonly used methods for
defect detection of PV modules. EL imaging system is a non-destructive
technology with high imaging resolution which can be used to detect
microcracks [9]. In EL images, cracks and other defects in defective
PV cells appear as dark gray lines and areas. In early stage, traditional
methods based on manual features are proposed to detect defects in
EL images. These methods depend on large amounts of manual design
experiments and the performances are limited.

Because of the strong feature capturing ability of convolutional
neural network(CNN), the methods using deep learning have gradually
become the mainstream to detect defects in EL images. However, while
CNN has greatly improved the detection accuracy, it also requires more
time and hardware resources, making it hard to be deployed in end
devices of practical applications. In order to meet the requirements of
both the accuracy and speed of defect detection in the industrial field,
a lightweight and efficient detection network is required.

There are a few works [10-12] which have proposed lightweight
CNN-based methods to detect defective PV cells in EL images. These
lightweight CNN-based methods are all based on manual design, which
require a lot of experiments to find a suitable network structure. To
obtain a lightweight structure for practical application with much less
manual work, we introduce neural architecture search (NAS) into the
defective PV cell classification task, which is the first method using NAS
to automatically design networks in the field of PV defect detection.
Aiming at the automatic design of network architecture, NAS can re-
duce manual intervention and make better use of computing resources
in an automated manner. Since the defects can be any size, we propose

a search space which can enhance features at different scales, obtaining
a lightweight network architecture that can better extract multi-scale
features.

To make better use of the prior knowledge, knowledge distilla-
tion is introduced to learn the priors obtained by the existing pre-
trained large-scale model to improve the performance of the searched
lightweight network. Different kinds of knowledge are transferred,
including attention information, feature information, logit information
and task-oriented information. The obtained lightweight network has
a high performance, which even outperforms the existing large-scale
teacher model.

The contributions of the proposed method can be summarized as
follows:

(1) We propose a lightweight network structure for detection of
defective PV cells with high accuracy of 91.74% and size of
1.85M parameters, achieving the state-of-the-art performance
on public PV cell dataset [13] of EL images under online data
augmentation. The proposed model also has high accuracy on
defective PV cells up to 94.26% on our private dataset.

(2) We introduce NAS to the field of PV cell defect detection for
automatic lightweight network design, which reduces the work-
load of manual design. To detect defects with any size, the search
space is designed by considering multi-scale characteristic into
the network architecture.

(3) To make full use of the priors already learned by the existing
large-scale network, we utilize knowledge distillation to transfer
various prior knowledge into our model. We consider attention
information, feature information, logit information and task-
oriented information into the knowledge transfer process and the
experiments prove the effectiveness of knowledge distillation to
enhance the ability of recognizing defective PV cells.

2. Related work
2.1. Traditional methods

Some research uses traditional image processing methods to detect
defects in EL images. These methods usually rely on the manually
selected features.

Dhimish et al. [14,15] used the bit-by-bit OR gate method to pro-
cess EL images and enhance crack images, but the detection accuracy
and other results were not given. Tsai et al. [16] presented an in-
dependent component analysis technique, but finger cracks that have
little effect on crack detection were identified as other cracks. An-
war et al. [17] proposed an improved image segmentation method
based on anisotropic diffusion filter and support vector machine(SVM)
was employed to detect micro-crack defects based on medium-sized
datasets, but this method requires a higher level of pre-processing. Su
et al. [18] improved a new feature descriptor, which combines central
pixel gradient information with central symmetric local binary mode
to obtain more recognizable defect features under uneven background
interference.

In traditional image processing methods, edge gradient information
is often used to describe the features. Due to the similarity between
the change of edge gradient of defects and the grain under complex
background, it is easy to be disturbed when distinguishing defects from
background grains. At the same time, these methods tend to be applied
only on small datasets, and their generalization ability is not strong.
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2.2. Deep learning based methods

Due to the popularity of deep learning, surface defect detection of
PV cells based on deep learning has become a research hotspot in this
field. CNN is becoming a widely used detection method because of its
strong feature extraction ability.

Sun et al. [19] proposed a crack classification network based on
LeNet5 [20], which can classify four kinds of crack defects. Bartler
et al. [21] designed an improved classification network based on
VGG16 [22] structure and explored the effects of a few oversampling
and data expansion methods on performance improvement. Deitsch
et al. [13] conducted two defect classification methods based on VGG19
and SVM, and contributed a PV cell dataset of EL images. Zhang
et al. [23] proposed a global pairwise similarity and concatenated
saliency guided neural network by considering the visual characteristics
in EL images. Shou et al. [24] presented an unsupervised defect detec-
tion method based on generative adversarial networks(GAN), but the
stability of the network needs to be further discussed. Both studies by
Liu et al. [25] and Su et al. [26] improved the region proposal network
on the basis of Faster-RCNN, and realized the detection of small cracks
in PV cells.

These studies are based on existing networks by transfer learning
or improvement on some layers and parameters. Compared with tra-
ditional methods using EL images, deep learning methods have better
generalization ability and higher accuracy. Most of the existing deep
learning models are large, requiring high hardware deployment in field
for PV cell defect detection.

To solve this problem, a few researchers proposed lightweight net-
works by manual design. Karimi et al. [10] designed a 4-layer CNN
structure for classification of 3 kinds of defects. Tang et al. [11]
designed a 9-layer CNN structure and improved the performance with a
mixture of GAN generation and traditional data augmentation. Inspired
by VGG11, a 9-layer CNN structure was designed by Akram et al. [12]
and validated on the public PV cell dataset [13]. Wang et al. [27]
utilized octave convolution to build a lightweight network with high in-
ference speed. All these studies are based on manual network structure
design, which are difficult and require a large amount of experiments.
Besides, manual structure design depends a lot on the existing data and
is less universal.

To reduce the manual workload in model design, we introduce
neural architecture search(NAS) into the task of PV cell classification
for effective automatic architecture design. For better model training,
we transfer different prior knowledge already learned by large-scale
model based on knowledge distillation. In this process, attention in-
formation, feature information, logit information and task-oriented
information are exploited and transferred to enhance the performance
of the searched lightweight model.

3. Methodology

An effective lightweight network is proposed in this section for
detection of defective PV cell by NAS and knowledge transfer. To
automatically design lightweight network, NAS is introduced to the
field of PV cell defect detection for the first time.

The network is designed according to the following properties of PV
cells: The EL images of PV cells may contain different kinds of defects,
such as material defect, finger interruptions, microcrack, degradation of
cell inter-connection and electrically insulated cell parts. These defects
can be of any size. Some defects may occupy a relatively large area of
the image, such as material defect, degradation of cell inter-connection
and electrically insulated cell parts. Some defect can be tiny, such as
finger interruptions. And the microcrack defect can be tricky, which is
usually thin and varies in length. Furthermore, there are a lot of noises
in the EL images, such as the horizontal gratings and irregular floccules
which make it harder to identify the true defects. To detect defects with
any size and reduce the disturbance of noises, the network architecture
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Fig. 1. The architecture of the proposed lightweight network design. Firstly, the
lightweight network is automatically obtained by NAS algorithm in a designed search
space. Then, the priors learned by the large network are transferred to the lightweight
network through knowledge distillation.

search space is designed by adding multi-scale characteristic. Low-scale
features can capture local details, which can help to detect tiny or thin
defects. High-scale features can represent more abstract and semantic
information, which can help to distinguish the true defects with noises
in the background. This multi-scale network architecture search space
helps in better understanding and classifying PV cell images. Then a
variety of prior knowledge is transferred by knowledge distillation to
make full use of the priors already learned by the large-scale network.
The illustration of our method is depicted in Fig. 1.

3.1. Automatic lightweight network design

We employ a continuous gradient-based NAS framework, i.e. DARTS
[28] to design the lightweight network automatically for PV cell de-
fect detection since DARTS has a fast search speed. We further de-
sign a suitable search space by consideration of the visual multi-scale
characteristic of the PV cell defects.

The defects of PV cells can be of any size, and the tiny microcrack
detection in particular is a difficult issue. Considering the multi-scale
characteristic of the defects, the search space is designed to enhance
features of different size.

The employed search space for the lightweight network is mainly
stacked by two kinds of cell structures called normal cell and reduction
cell, which is based on the idea of reusing blocks like ResNet [29]. The
possible connection type of nodes in cell structure will be chosen from
candidates operations.

Cell structure stacked in network architecture can be considered as a
kind of convolutional operations. Normal cell is set to maintain the size
of the input, while reduction cell has the function of down-sampling.
To obtain multi-scale information, the search space for the lightweight
network architecture is designed by stacking five normal cell and four
reduction cells.

The designed search space for the PV cell defect recognition task is
shown in Fig. 2. Each cell fuses two features with different scales of
the previous two cells, and the first normal cell takes the same feature
twice as two inputs.

The details of the lightweight network is presented in Table 1. To
reduce the computational and memory resource consumption, input
images are resized to 150 x 150 pixels. Here the first three reduction
cells perform downsampling and channel expansion, while the channel
number of the last reduction cell remains the same. The proposed
network will finally classify the input PV cell as functional or defective.
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Fig. 2. Designed search space for the lightweight defect classification network.

Table 1

The detailed structure of the proposed lightweight network.
Layer Output shape
Input 3 x 150 x 150

64 x 150 x 150
64 x 150 x 150

Preprocess(3 x 3 Convolutional Layer with stride 1)
Normal cell

Reduction cell 128 x 75 x 75
Normal cell 128 x 75 x 75
Reduction cell 256 x 38 x 38
Normal cell 256 x 38 x 38
Reduction cell 512 x 19 x 19
Normal cell 512 x 19 x 19
Reduction cell 512 x 10 x 10
Normal cell 512 x 10 x 10
Global Average Pooling(GAP) 512 x1x1
Fully Connected(FC) layer 2

argmax a,

00

kep cell

kep, cell
xk xk th

(a) Cell search space. (b) Final cell structure.

Fig. 3. Internal structure of cells. It is an example of the k, cell with 4 internal
nodes. Colored lines between two nodes represent the different candidate operations.
(a) shows the search space in cell structure. Each node gets a mixture of features by
different candidate operations. (b) is the final structure determined by the structure
weight computed in the search algorithm.

The internal structure of the cell is a directed acyclic graph con-
taining N nodes, where each node represents the computed temporary
feature map as in Eq. (1). Let x) denote the computed temporary
feature at the j,;, node. Each node is computed based on the input
feature maps from two previous nodes.

X9 = Z ol (xDy 6h)
i<j

Fig. 3 shows the example of the k,, cell with 4 internal nodes.
Different operations o-/) denoted as colored lines represent the function
of candidate operations between the i, node and the j,, node as shown
in Fig. 3.(a).

O is a set of candidate operations which are listed in Table 2. The
candidate operations can be mainly summarized into convolutional and
other kinds. Convolutional layers of the candidate operations consist
of depthwise separable convolution(SepConv) and dilated depthwise
separable convolution(DilConv) with two optional values of the stride.
In normal cells, the stride of convolutional layers is set as 1 to remain
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Table 2
Candidate operations for structure search space.

Type Parameters

SepConv® (kernel = 3, stride”, padding = 1)
SepConv (kernel = 5, stride, padding = 2)

Convolutional DilConv® (kernel = 3, stride, padding = 2, dilation = 2)
DilConv (kernel = 3, stride, padding = 2, dilation = 2)
Max Pooling

Other Average Pooling

Skip-connect

2 SepConv represents depthwise separable convolution.
b Stride is set as 1 in normal cells and as 2 in reduction cells.
¢ DilConv represents dilated depthwise separable convolution.

the size of the input. But in reduction cells, the stride is set as 2 for
down sampling. The setting of stride varies in two kinds of cells, which
results in the different output feature size.

The feature graph computed by all operations from the i,, node to
the j,, node is calculated as in Eq. (2). The search space become con-
tinuous with the softmax transformation of each candidate operation
between pairs of nodes (i, j), where the weight of candidate operation
o) is denoted as a/.

S0 () — &)
=3, o)
0€0® Zo’e@ exp(ao[ )

exp(a(()i’j))

(x) (2)

The search framework of DARTS focuses on the learning of a set of
structure variables a = {a ,a 1} which denotes the weight of
X K normal red.uctmn } . i
each candidate operation. The choice of final structure is obtained as
in Eq. (3).

o) = argmax a(()i‘j), 0€QO 3)

The operations with the highest structure weight will be the final
choice in the network. As shown in Fig. 3.(b), the two operations of
each node with highest structure weight are selected as the final cell
structure.

The learning process of « is treated as a bilevel optimization prob-
lem, with structure a as the upper-level variable and weights w(weights
of the convolution filters) as the lower-level variable. Because of the
continuity of the search space, the gradient-based strategy optimizes
the final structure «* by minimizing the validation loss and optimizes
the weight @ by minimizing the training loss simultaneously [28]:

min, Ly (@*(a),a)
s.t.  o*(a) = argmin,, L, (0, @)

4

3.2. Knowledge transfer

To make full use of the priors already learned by existing large-scale
network and further improve the performance of the lightweight net-
work architecture obtained by search process, several kinds of knowl-
edge priors are exploited and transferred from the large network to the
lightweight network.

Knowledge distillation is one of the most effective methods for
model compression. It enables the transfer of knowledge from a teacher
model to a student model. Networks that cannot use the prior knowl-
edge in the pre-trained model can improve performance by learning
the knowledge of the teacher network. Since the lightweight network
can only be trained from scratch, by using knowledge distillation, the
priors can be utilized for better training.

Inspired by different knowledge distillation works [30-34], four dif-
ferent knowledge priors are transferred: attention information, feature
information, logit information and task-oriented information in order
to enhance the distillation effect of the PV cell defect detection task.

The details of the knowledge distillation process are shown in Fig. 4.
Transformation functions are used to extract useful information. The
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Fig. 4. The overview of the knowledge transfer. Teacher model and our student model are at
transformation are clearly revealed. Features at different depth are selected for transfer by

<« Feature Distillation Loss

Logit Distillation Loss <4—p Task Loss

tached with auxiliary classifiers at each feature of different size. The diagram of feature
using auxiliary classifiers. The colored arrows point out the different loss components

in the whole transfer process, including attention information, feature information, logit information and task-oriented information. The operations in transformation functions and

auxiliary classifiers are only activated in knowledge transfer to capture target information.

shape of features in teacher model and student model are usually dif-
ferent, and thus transformation can also make pairs of feature maps to
match the shape in computation. Attention information of each feature
map is introduced in transfer process by calculating the attention map.
By comparing the distance of transformed feature maps, the feature
information are also utilized. Logit information is also added into
knowledge transfer. Convolutional layers and pooling layers are chosen
as transformation functions to capture the task-oriented information
from the original feature maps. The knowledge transfer paths are estab-
lished before the feature map channel expanding. Knowledge transfer
is carried out through the auxiliary classifiers at feature maps of differ-
ent resolution, ensuring knowledge learning containing both low-level
information and the high-level information. Note that the auxiliary
classifiers are used only in the distillation process, not affecting the
inference stage.

Let x; represent the i,, input of total m images. Total N(in our
method N = 5) feature maps are selected into the transfer process. The
Jp feature map with different resolution is denoted as F;(-).

Attention information is provided by the spatial attention map.
To get a spatial attention map from the corresponding feature, the
mapping function A(-) through the channel dimension is applied, as
illustrated in Eq. (5).

K
— 1 p
A = & ; llxell ®)
In this way, the attention map can reflect the neuron activation
spatially. When the feature x has K channels, the attention map A(x)
consists of average of absolute values of the feature map across channel
dimension, and each value is raised to the power of p. The operations
of it are elementwise.
The sum and power operation makes attention map focus more on
spatial locations with high activations, i.e., the more discriminative
parts. The attention loss £ is denoted in Eq. (6).

attention

53 s (4 (1,51 0)) 4 (1 (1 ())) - ©

i=1 j=1

1

L L=
attention
m

Mean square error(MSE) is used to compute the distance between
the attention maps of teacher model and student model as shown in

Eq. (6). Here the transformation function used to extract features is
recorded as T;(-). The superscript s and  are used in order to distinguish
the teacher model and the student model.

Besides attention information, feature maps also contain important
information for knowledge distillation to improve the performance.

1w % ,
[’feature = ; z Z L2—norm (Tj <F; (Xi)> ,Tj <F; (xz)>>
i=1 j=1

The feature distillation loss uses L2-norm loss(Lz_mm) to compute
the distance between each pair of features from teacher and student as
shown in Eq. (7).

Inspired by task-oriented feature distillation [33], we extract task-
oriented information for classification tasks by building auxiliary clas-
sifiers between features at different depths. The task loss function is
presented in Eq. (8).

tase =L 35 Lo (o (1,(7 () ) o)

i=1 j=1

)

®

In Eq. (8), the j,, auxiliary classifier is recorded as ¢;(-). It re-
turns the classification result as a vector. Cross entropy loss(L.g)is
used here to compute the logits obtained by auxiliary classifiers and
corresponding true label y.

The logit distillation loss [30] is also added for student model
to learn the output label distribution from teacher as formulated in
Eq. (9). By learning the logit information, the student model can make
use of it for prediction.

Liogit = % i};Lm (C/ (Tj (F; (xi))>’cj <Tj (F; (%))))

)
i=

In Eq. (9), Lg; refers to the KL (Kullback-Leibler) divergence,
which is used to measure the difference between two probability dis-
tributions. It makes the output of student model close to the one of
teacher model.

The final loss function in the whole distillation process can be sum-
marized as in Eq. (10) with hyper-parameters «, f, y and § balancing
the proportion of each part:

Liotal = @ Lagtention + P Leeature +7 - £10git + 6 Liask (10)
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Table 3

Dataset division. The PV cell images are split by a ratio of 75% for Train set and Test
set. The distribution of positive and negative samples and each category of PV cells
in the dataset are consistent for Train set and Test set. Notice that data used for NAS
process are split from the Train set as the searching train set and the searching test
set shown in Fig. 5.

Dataset Condition Monocrystalline Polycrystalline p)
Train Defective 277 340 617
Functional 529 824 1353
1970
Test Defective 92 112 204
Functional 176 274 450
654

75% 25%
Train Set Test Set
50% 50%
searching train set for NAS [ searching test set for NAS

Fig. 5. Details of dataset division. The Train set is split into two sets for NAS process
with a ratio of 50%.

4. Experimental results

The details of the internal structure and performance of the
lightweight network obtained by the designed searching algorithm is
presented in this section. The comparison results between the proposed
lightweight network and different methods are listed. Furthermore,
ablation experiments are conducted to prove the effectiveness of our
proposed method.

4.1. Dataset and data augmentation

The dataset used is the public PV cell dataset contributed by the
study [13]. There are 2624 EL images of PV cells with resolution of
300 x 300 pixels, including both monocrystalline and polycrystalline
types. The images in this public dataset are labeled as defective with a
probability. We divide the samples into functional and defective ones
with 0.5 as the threshold. And 75% of the images, i.e. 1970 images
are randomly chosen as train set and the left 654 images are test set.
The specific division is shown in Table 3. The original input size could
result in computational and memory resource consumption, which can
be expensive for some computing devices. To enhance the model’s
scalability and practicality, input images are resized to 150 x 150
pixels. The input size reduction allows saving more than half the
computational workload and runtime memory.

The proportion of positive and negative samples are the same for
the train set and the test set. The ratio of the monocrystalline and
polycrystalline types are also fixed for train set and test set. For the
lightweight network search process, the whole train set is further
divided into searching train set and searching test set for NAS by 50%
each as explained in Fig. 5.

Data augmentation is to obtain more representations from the orig-
inal data without substantially adding data, improving the quality of
the original data. It can help the model reduce overfitting and enhance
robustness. The data augmentation operations include random horizon-
tal flip, random vertical flip, random rotation within (-2°, 2°), random
rotation within {0°, 90°, 180°, 270°} and random affine transformation.

4.2. Final searched model structure
The proposed lightweight network is stacked by normal cells and

reduction cells. The final internal architectures of the two kinds of cells
by search algorithm are shown in Fig. 6.
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Table 4

Transformation functions and auxiliary classifiers designed for the teacher model and
the student model. The serial numbers of branches are sorted by the shallowest to
the deepest. Here ‘SepConv’ in transformation functions means depthwise separable
convolution.

Branch Transformation function Auxiliary classifier
Teacher Student

1(shallowest) SepConv X 3 SepConv X 3

2 SepConv x 2 SepConv x 2 Pooling

3 SepConv SepConv Fully connected layer

4(deepest) - Pooling

4.3. Experimental parameters

In the process of architecture search, all the convolutional opera-
tions follow the order of Rectified linear unit-Convolutional layer-Batch
normalization(ReLU-Conv-BN). The cell structure consists of 4 nodes,
with two inputs from previous two cells and one output. The initial
channels is set as 16.

The obtained network by search algorithm tends to choose skip-
connect when searching too long, which is called the ‘Collapse’, result-
ing in poor performance [35]. This is due to the structure variables
a and convolution filters parameters w in Eq. (4) competing with
each other in the later optimization process. Some studies [35] use
early stopping to suppress this phenomenon. Reducing the number of
searching epochs is also utilized in some works [36,37]. In this work,
the max search epoch is set as 50 and the number of skip-connect in
each cell is limited to less than 2 to avoid deteriorating results.

In knowledge transfer, VGG16(teacher model) and its auxiliary
classifiers are trained in advance and are frozen in distillation. The
transformation function and auxiliary classifiers chosen for both models
are shown in Table 4. The shape of each pair of features is unified
through transformation function. The parameter p in Eq. (5) is set as 2.
The loss components in Eq. (10) have different magnitudes. To balance
the weights of these different components, the hyper-parameters «a, f,
y and 6 in Eq. (10) are set as 1000, 0.05, 1 and 1 respectively. Our
lightweight model is trained in 200 epochs with a batch size of 32. The
initial learning rate is set as 0.0025 with weight decay of 7 x 1073 by
stochastic gradient descent(SGD) optimizer.

4.4. Model performance

In this subsection, we show the performance of the proposed net-
work by quantitative evaluation and comparison with the teacher
network and other studies. We also evaluate our network by assessment
of performance on each category of PV cells. The implementation
information is also provided for application reference. To verify the
model generalization, we test our model on the private dataset for
further demonstrating the effectiveness of the model proposed.

4.4.1. Performance comparison

Our proposed method is compared with 6 manually designed neu-
ral networks [10-13,19,21] and the teacher model on the public
dataset [13] under the same augmentation in 200 epochs. ShuffleNet
[38] and MobileNet [39] are also included in experiments as a general
efficient light model.

Several traditional feature extraction techniques are also conducted.
Open-source algorithms including HOG(histograms of oriented gradi-
ents), SIFT(scale-invariant feature transform) and SURF(speeded up
robust features) are fed to RBF-kernel SVM classifier for comparison.
These algorithms compare the information of center pixel and neigh-
borhood pixels to compute a local key point. The parameters of SVM
are selected by grid search experiments. These models are modified to
classify PV cells into two classes: functional ones or defective ones.
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Fig. 6. Cell internal structures obtained by searching on public PV cell dataset. The structures are consistent with the schematic diagram in Fig. 3. The detail information of

candidate operations can be found in Table 2.

Table 5
Comparison with other methods on ELPV public dataset under the same data
augmentation.

Table 6
Comparison with other methods on only polycrystalline PV cells of ELPV public dataset
under the same data augmentation.

(a) Accuracy, Balanced accuracy, Precision, Recall, Fl-score and parameters of
ours and other methods.

(a) Accuracy, Balanced accuracy, Precision, Recall, Fl-score and parameters of
ours and other methods.

Model Acc B_Acc Prec Rec F1 Parameters
(%) (%) (%) (%) (%)

SVM+HOG 85.47 79.65 76.77 66.85 71.47 30.6M

SVM+SIFT 71.85 69.47 23.98 64.37 35.00 0.19M

SVM+SURF 80.03 78.33 24.76 73.71 37.07 0.23M

Adapted VGG19 87.46 83.92 83.52 74.51 78.76 29.14M

[13]

Adapted LeNet5 80.58 75.04 72.78 60.29 65.95 2.41M

[19]

Adapted VGG16 82.26 77.87 74.18 66.18 69.95 0.37M

[21]

CNN [10] 81.35 74.12 78.87 54.90 64.74 0.14M

CNN [11] 82.56 76.21 79.61 59.31 67.98 12.32M

CNN [12] 81.80 76.19 75.76 61.28 67.75 4.73M

ShuffleNetV2 [38] 87.92 85.06 82.72 77.45 80.00 1.24M

MobileNetV3 [39] 82.72 75.79 81.82 57.35 67.44 1.22M

VGG16(teacher 90.52 88.15 86.98 81.86 84.34 32.06M

model)

Ours 91.74 90.25 87.13 86.28 86.70 1.85M

(b) Accuracy on defective PV cells and functional PV cells respectively of ours
and other methods.

Model Acc_defective Acc_functional
(%) (%)
SVM+HOG 66.85 92.44
SVM+SIFT 63.37 74.58
SVM+SURF 73.71 82.35
Adapted VGG19 [13] 74.51 93.33
Adapted LeNet5 [19] 60.29 89.78
Adapted VGG16 [21] 66.18 89.56
CNN [10] 54.90 93.33
CNN [11] 59.31 93.11
CNN [12] 61.28 91.11
ShuffleNetV2 [38] 77.45 92.67
MobileNetV3 [39] 57.35 94.22
VGG16(teacher model) 81.86 94.44
Ours 86.28 94.22

The quantitative comparisons on performance of the test set and
model size are shown in Table 5. In Table 5.(a), the overall accu-
racy(Acc) on test set of the proposed model is up to 91.74%, exceeding
other methods. As can be seen, the proposed model achieves or even
outperforms the level of teacher model by 1.22%. It also shows that the
proposed model has much less parameters, which can be deployed in
practical end devices with less resources than classic large models. Bal-
anced accuracy(B_Acc) here means the average of two recall values on
defective PV cells and functional PV cells for more fair evaluation. The
deep learning based methods tend to perform better than traditional
feature extraction on the dataset. Table 5.(b) reveals the accuracy of

Performance on Polycrystalline PV cells

Model Acc B_Acc Prec Rec F1
(%) (%) (%) (%) (%)

SVM+HOG 82.90 74.15 71.79 56.00 62.92
SVM+SIFT 70.94 63.29 16.97 47.92 25.02
SVM-+SURF 78.91 76.11 22.77 70.41 34.41
Adapted VGG19 [13] 88.34 83.87 84.54 73.21 78.47
Adapted LeNet5 [19] 79.53 72.39 68.13 55.36 61.08
Adapted VGG16 [21] 80.05 74.34 67.33 60.71 63.85
CNN [10] 79.79 70.46 72.97 48.21 58.06
CNN [11] 79.27 73.52 65.69 59.82 62.62
CNN [12] 80.31 73.20 70.00 56.25 62.38
ShuffleNetV2 [38] 80.57 80.77 62.76 81.25 70.82
MobilenNetV3 [39] 81.87 72.71 79.17 50.89 61.96
VGG16(teacher model) 89.90 87.08 84.11 80.36 82.19
Ours 90.67 88.68 83.93 83.93 83.93

(b) Accuracy on defective PV cells and functional PV cells respectively of ours
and other methods.

Performance on Polycrystalline PV cells

Model Acc_defective Acc_functional
(%) (%)
SVM+HOG 56.00 92.31
SVM+SIFT 47.92 78.67
SVM+SURF 70.41 81.82
Adapted VGG19 [13] 73.21 94.53
Adapted LeNet5 [19] 55.36 89.42
Adapted VGG16 [21] 60.71 87.96
CNN [10] 48.21 92.70
CNN [11] 59.92 87.23
CNN [12] 56.25 90.15
ShuffleNetV2 [38] 81.25 80.29
MobilenNetV3 [39] 50.89 94.53
VGG16(teacher model) 80.36 93.80
Ours 83.93 93.43

defective PV cells(Acc_defective) and the accuracy of functional PV cells
(Acc_functional), which reflects performance of recognizing each kinds
of PV cells respectively. The ability to correctly recognize defective PV
cells is the most core function, which reaches 86.28% in our network
and far exceeds other methods.

Comparing with other manually designed models, our proposed
network is automatically searched via NAS algorithm with less manual
labors. Furthermore, the obtained network achieves the best compre-
hensive results with a relative light architecture, which proves the
effectiveness of the proposed method.

The reasons why our network exhibits superior defect recognition
ability in PV cell images are as follows: The NAS algorithm is exploited
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Table 7
Comparison with other methods on only monocrystalline PV cells of ELPV public dataset
under the same data augmentation.
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Table 8
Efficiency comparison on CPU platform(Intel i9-10980XE 24.85M Cache, 3 GHz). FLOPs
denotes floating point operations.

(a) Accuracy, Balanced accuracy, Precision, Recall, Fl-score and parameters of Model B_Acc Rec Parameters FLOPs Inference Memory
ours and other methods. (%) (%) latency cost
Performance on Monocrystalline PV cells SVM+HOG 79.65 66.85 30.60M - 34 ps -
Model Acc B_Acc Prec Rec F1 SVM+SIFT 69.47 64.37 0.19M - 74 ps -

%) %) %) %) %) SVM+SURF 78.33 73.71 0.23M - 90 ps -
SVM+HOG 89.18 86.70 81.82 80.77 81.29 Adapted VGG19 [13] 83.92 74.51 29.14M 8.4G 23 ms 194 MB
SVM4+SIFT 73.13 76.52 33.67 84.62 48.21 Adapted LeNet5 [19] 75.04 60.29 2.41M 24M 5 ms 14 MB
SVM+SURT 82.40 81.45 27.73 79.99 41.08 Adapted VGG16 [21] 77.87 66.18 0.37M 108M 5 ms 10 MB

CNN [10] 74.12 54.90 0.14M 50M 2 ms 7 MB

Adapted VGG19 [13] 86.19 83.78 82.35 76.09 79.10 CNN [11] 76.21 59.31 12.32M 100M 3 ms 54 MB
Adapted LeNet5 [19] 82.09 78.32 78.21 66.30 71.76 CNN [12] 76.19 61.28 4.73M 57M 1 ms 22 MB
Adapted VGG16 [21] 85.45 8244 8272  72.83  77.46 ShuffleNetV2 [38] 85.06 77.45 1.24M 75M 7 ms 15 MB
CNN [10] 83.58  78.68 8529  63.04  72.50 MobileNetV3 [39] 75.79 57.35 1.22M 32M 6 ms 12 MB
CNN [11] 8172 7441 9216  51.09 6573 VGG16(teacher model) 88.15 81.86 32.06M 6.7G 29 ms 393 MB
CNN [12] 83.96 80.00 82.67 67.39 74.25
ShuffleNetv2 [38] 90.30  88.46  88.37 8261 8539 Ours 90.25 86.28 1.85M 116G 38ms 214MB
MobilenNetV3 [39] 83.96 79.48 84.51 65.22 73.62
VGG16(teacher model) 91.42 89.58 90.59 83.70 87.01
Ours 93.28 92.30 91.11 89.13 90.11

(b) Accuracy on defective PV cells and functional PV cells respectively of ours
and other methods.

Performance on Monocrystalline PV cells

Model Acc_defective Acc_functional
(%) (%)
SVM+HOG 80.77 92.63
SVM+SIFT 84.62 68.42
SVM+SIFT 79.22 83.69
Adapted VGG19 [13] 76.09 91.48
Adapted LeNet5 [19] 66.30 90.34
Adapted VGG16 [21] 72.83 92.05
CNN [10] 63.04 94.32
CNN [11] 51.09 97.73
CNN [12] 67.39 92.61
ShuffleNetV2 [38] 82.61 94.32
MobilenNetV3 [39] 65.22 93.75
VGG16(teacher model) 83.70 95.46
Ours 89.24 94.22

to search the optimal network structure, enabling the network to better
adapt to the defect detection task in PV cell images and achieve better
performance in contrast to manually designed structures; Besides, the
network architecture search space is designed by adding multi-scale
characteristic, which can help to detect defects with any size and reduce
the disturbance of noises; Furthermore, the prior knowledge learned
by the complex teacher network are well transferred to the lightweight
network obtained by search process.

4.4.2. Performance on specific categories

The performance on monocrystalline or polycrystalline PV cells
separately of the proposed model are provided to further evaluate the
model as shown in Tables 7 and 6.

On both categories of PV cells, our proposed model has reached the
best comprehensive level. On monocrystalline PV cells, every metric
of ours achieves the top as described in Table 7. With regard to the
polycrystalline type that is more difficult to deal with, our model can
also exceed others by far in Table 6, demonstrating the outstanding
detection performance on challenging images. Traditional extraction
methods tend to perform worse on polycrystalline PV cells, because
they focus on high-frequency components of images. It is hard for them
to distinguish between cracks and noise of background.

4.4.3. Efficiency comparison

For end device deployment, a comprehensive consideration needs to
be given to the model size and the calculation. To test the efficiency,
the proposed model is evaluated on CPU platform(Intel i9-10980XE
24.75M Cache, 3 GHz).

Efficiency comparison, including parameters, FLOPs(floating point
operations), inference latency and memory cost of different models are
displayed in Table 8. For better comparison, the performances of model
balanced accuracy and recall are also included in this table. By the com-
parison with the second-best network VGG16(the teacher network), it
can save nearly 180 MB memory and 5.6G FLOPs. Traditional methods
can run with a fast speed but the performances are poor. Compared
with Adapted VGG19 and VGG16(the teacher network), our proposed
model requires much less parameters and FLOPs and can reach the
comparable speed. At this speed, the proposed model can diagnose
29 samples per second. Even it costs more than other lighter models,
our model is far more accurate than light models [10-13,19,21,38,39]
by a gap of 3.8% ~ 11.1%. By the comprehensive consideration of
information of resources and performance in Table 8, our proposed
model is far superior to other small models and even the large classic
networks. The proposed lightweight model can meet the deployment
requirements of some common embedded devices with low power
consumption, such as Raspberry Pi-4B (4 GB, 15 W, 9~10 GFLOPS) and
NVIDIA Jetson Nano(4 GB, 10 W, 7.368 GFLOPS FP64).

4.4.4. Model generalization ability

To verify the generalization performance of the models on different
data sources, we trained our model on a private PV dataset.

The total 8580 images with 256 x 256 pixel resolution are extracted
for different PV panels of 6 x 10, 6 X 12 or 6 x 24 specifications from
Cha’ansi Power Station, Songjialiangzi Power Station, and Louzicun
Power Station in Badong, Hubei Province, China. The dataset contains
482 defective samples and 8098 functional samples. These solar cell
samples contain different bus specifications, cell edges and types. Dif-
ferent defects such as material defect, crack, deep crack, disconnected
cell interconnect and micro crack are also included in these images.
25% of images of each class(defective or functional) are randomly
selected as test set and the rest as train set. The images are resized
to 150 x 150 pixels.

In terms of the extremely imbalanced class distribution, offline
data augmentation is utilized to strengthen learning ability of defect
features. Several operations are used on defective ones in train set to
avoid overfitting, including horizontal flip, vertical flip, rotation within
(=2°, 2°), rotation within{90°, 180°, 270°}, contrast enhancement, gaus-
sian blur, affine transformation, center cropping, gaussian noise, added
black border. These operations tend to simulate actual condition of PV
images.

Different methods are trained and tested on this private dataset
under the same data augmentation. The results of each model are
shown in Table 9. For the imbalanced distribution of the dataset, bal-
anced accuracy (B_Acc) and recall of defective PV cells(Acc_defective)
are employed to reflect the model performance precisely. With these



J. Zhang et al.

Applied Energy 355 (2024) 122184

True Label

Functional PV cells

(a)Monocrystalline

(b)Polycrystalline

(c)Finger failure

functional functional

fu

trainning from scratch

al

function:

Prediction

functional a defective

|
‘ |
[onciona

trainning by knowleage transfer

(d)Material defect

Defective PV cells

(e)Crack

(fDeep crack

(g)Microcrack (h)Disconnected

cell interconnect

defective
(misclassification)

Fig. 7. The performance on test set of the public PV cell dataset overlaid by Grad-CAM [40]. Typical images including functional PV cells and defective PV cells are presented.

The area that model focuses on is highlighted by heat map.

Table 9 Table 10
Comparison with other methods on private dataset under the same data Ablation study of using prior knowledge in model training. Training from scratch and
augmentation. training using knowledge transfer are denoted by ‘x’ and ‘/” respectively.
Model B_Acc Acc_defective Parameters (a) Accuracy, Balanced accuracy, Precision, Recall, F1-score and parameters of
(%) (%) the proposed model training in different ways.
SVM+HOG 62.91 61.48 46.40M With prior Acc B_Acc Prec Rec F1
SVM+SIFT 51.52 34.43 0.19M knowledge (%) (%) (%) (%) (%)
SVM+SURF 53.23 87.70 0.10m x 85.63 79.77 86.18 64.22 73.60
Adapted VGG19 [13] 93.07 86.89 29.14M v (ours) 91.74 90.25 87.13 86.28 86.70
Adapted LeNet5 [19] 83.71 71.31 2.41M - N .
ot () ey e Y o nd o el il o
CNN [10] 76.14 58.20 0.14M prop 8 ys-
CNN [11] 77.06 57.38 12.32M With prior Acc_defective Acc_functional
CNN [12] 87.87 76.23 4.73M knowledge (%) (%)
ShuffleNetV2 [38] 89.77 80.33 1.24M N 64.22 95.33
MobileNetV3 [39] 88.58 78.69 1.22M /(ours) 86.28 04.22
VGG16(teacher model) 92.95 88.53 32.06M
Ours 95.23 94.26 1.85M

extremely imbalanced images from actual PV plants of various sources,
our model outperforms teacher model by approximately 2.3% and 5.7%
in terms of balanced accuracy and accuracy of defective samples, and
outperforms other method with a big gap. The accuracy of defective
ones of our model is up to 94.26%, especially showing the better ability
in recognizing cell defects in real-world scene.

4.5. Ablation experiments

In this subsection, we discuss three ablation experiments to demon-
strate the effectiveness of our method. Firstly experiments have been
carried out to find that training by knowledge transfer achieves better
results than training from scratch, demonstrating the importance of
prior knowledge in training. Secondly, the roles of different transfer
branches are proved in experiments, which verifies the function of
both shallow and deep features in transfer process. Finally, the roles
of different knowledge priors are illustrated for the function in defect
detection.

4.5.1. The role of prior knowledge

In our proposed method, the knowledge transfer functions as the
prior knowledge which is usually provided by pre-trained large network
on large-scale datasets.

In Table 10, the results of models training from scratch are added,
which is compared with our proposed one with knowledge transfer.
Under the same conditions, there is a big gap between the cases of
whether to use the prior knowledge. For Fl-score, the performance
improves about 13%, shown in Table 10.(a). The prior knowledge also
helps to recognize defective cells, where the accuracy has improved
about 22%, shown in Table 10.(b).

Fig. 7 shows typical types of samples in the test set of the pub-
lic dataset [13], where the columns (a)-(c) show the functional PV
cells including finger failure that do not necessarily affect the power
efficiency, while the columns (d)-(h) show the typical defects. The
original PV cell images are listed in the first row. The second row shows
the detection result by the network training from scratch, while the
third row displays the results by our proposed method using knowledge
transfer. The results using Grad-CAM [40] show the places that the
model pays attention to. The areas by model using knowledge transfer
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Table 11

Applied Energy 355 (2024) 122184

Ablation study of branches at different depths in knowledge transfer. Transfer branches used are denoted by ‘/’ and removed ones are marked

by ‘x’.

(a) Accuracy, Balanced accuracy, Precision, Recall, F1-score and parameters of the proposed model

using features at different depths.

Branch Acc B_Acc Prec Rec F1
1(shallowest) 2 3 4(deepest) (%) (%) (%) (%) (%)
X v v v 89.91 87.58 85.57 81.37 83.42
v X v v 89.60 87.49 84.34 81.86 83.08
v v X v 88.99 86.91 83.00 81.37 82.18
v v v X 88.84 86.53 83.25 80.39 81.80
v v v v (ours) 91.74 90.25 87.13 86.28 86.70

(b) Accuracy on defective PV cells and functional PV cells respectively of the proposed model using features at different depths.

Branch Acc_defective Acc_functional
1(shallowest) 2 3 4(deepest) (%) (%)

X v v v 81.37 93.78

v X 4 v 81.86 93.11

v v X v 81.37 92.44

v v v X 80.39 92.67

v v v v (ours) 86.28 94.22

Table 12

Ablation study of different knowledge in knowledge transfer. Knowledge used in training are denoted by ‘v’ and ones marked by ‘x’ are not

added in loss function.

(a) Accuracy, Balanced accuracy, Precision, Recall, F1-score and parameters of the proposed model

using different knowledge.

Liotal Acc B_Acc Prec Rec F1
Lattention L fearure Liogit Lrasic (%) (%) (%) (%) (%)

X v v v 89.91 88.51 83.17 84.80 83.98
v X v 4 90.37 87.64 87.70 80.39 83.89
4 v X 4 89.30 87.67 82.52 83.33 82.93
v v v X 92.20 89.24 92.74 81.37 86.68
4 4 v v (ours) 91.74 90.25 87.13 86.28 86.70

(b) Accuracy on defective PV cells and functional PV cells respectively of

the proposed model using different knowledge.

Lotal Acc_defective Acc_functional
ﬁullenliun £f('ulxlre E/ugn E:u;k (%) (0/0)

X v v v 84.80 92.22

v X v v 80.39 94.89

v v X v 83.33 92.00

v 4 v X 81.37 97.11

v v v v/ (ours) 86.28 94.22

focus more on defects. It shows that the prior knowledge plays a
significant role in performance improvement.

4.5.2. The role of knowledge at different depths in knowledge transfer

Feature maps with different resolution represent various informa-
tion including deep semantics and shallow details of the objects. To
grasp abundant characteristics of the PV cells, the auxiliary classifiers
are attached at different depths. Table 11 shows the role of each
auxiliary classifier, where the serial numbers of branches are sorted by
the shallowest to the deepest. As is presented, the deeper branch plays
a more important role in defect detection. The lack of any branch can
lead to degradation of the model, which proves the function of feature
information at different depths in knowledge transfer.

4.5.3. The role of different knowledge in knowledge transfer

We exploit different kinds of prior knowledges to improve the
performance of the lightweight model on task of defective PV cell detec-
tion, including attention information, feature information, logit infor-
mation and task-oriented information. The roles of different knowledge
are evaluated, as shown in Table 12. It shows that the task loss takes
effect in the rise of the recall at the expense of some other perfor-
mance, effectively increasing the ability of recognize the defects on PV

10

cells, which is significant to the practical application. Adding attention
knowledge also brings the increase of the performance.

The model combined all kinds of loss performs top on most metrics
especially the recall.

5. Conclusion

We have proposed a novel approach to acquire a lightweight net-
work for detection of defective PV cells using EL images. The proposed
network achieves the state-of-the-art performance on the public PV
cell dataset of EL images under online data augmentation with high
accuracy of 91.74% and 1.85M parameters. It requires less computation
and hardware sources, and retains superior performance at the same
time. Especially the ability on recognizing defective PV cells appears
much higher.

To automatically obtain the lightweight network, we exploit the
NAS algorithm to search the network with less manual workload.
Based on the multi-scale characteristics of PV cells, the search space
is designed to utilize useful scale information. Furthermore, training
the proposed lightweight model from scratch cannot well utilize useful
prior knowledge. To make full use of the priors already learned by the
large-scale network, knowledge distillation is utilized and various kinds
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of knowledge are considered into the transfer process. The ablation ex-
periments are also conducted to prove the effectiveness of our method.
Experiments and evaluation on both public dataset and private dataset
have demonstrated that our model exceeds other method by much
better performance and relatively lighter size, which shows that it can
be an effective tool for practical applications and terminal deployment
in field and industry. The proposed method has provided a new idea of
designing models for application scenes.

In future, different types of defects can be considered into further
study. The way of obtaining lightweight models on segmentation task
can be further considered, because specific location or segmentation
result of defects can provide more benefit for practical deployment in
industry. Existing segmentation models can be hard to be applied in PV
cell defect detection task for their larger network volume. Computing
acceleration on terminals will also be investigated for further network
compression and speeding up.
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