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Abstract. We propose a method of predicting dislocation regions, which are crystallographic defects in photo-
luminescence (PL) images of multicrystalline silicon wafers, by convolutional neural network transfer learning.
We adopted AlexNet as the neural network and utilized it as an image feature extractor. The network outputs
a category that either includes dislocation regions or does not. The learning process was performed on a fully
connected layer for classification only. We compared sample data extracted from a one-wafer condition with a
three depth-adjacent-wafer condition. We experimented by changing epochs and mini-batch size for training,
and achieved high accuracies of more than 0.94 using the Youden index to evaluate the results. The best results
showed improvement of about 0.2 points of the Youden index values for the three depth-adjacent wafers over
the one wafer, outperforming the bag of features clustering method (visual words) in accuracy and the Youden
index.

Keywords: Convolutional neural network · Transfer learning · Multicrystalline silicon · Photoluminescence
image · Dislocation.

1 Introduction

There has been recent growth in development technologies for manufacturing high-quality silicon wafers for solar
cells. Developing high-quality multicrystalline silicon wafers requires controlling the grain structures of the materials.
Our aim is to further the research of the designs for theoretical multicrystalline structures using information science
technologies.

We established 3D visualization of the structures of dislocation clusters in a silicon ingot[1] by specifying the
dislocation regions in a wafer recorded as a photoluminescence (PL) image, which reveals the inside structure of the
silicon wafer, and by tracing the dislocation regions between adjacent wafers. The photoluminescence image records
the luminescence of photo carriers transitioning from an excited state to the base state by a laser. Dislocation regions
are crystalline defects and cause non-radiant decoupling of carriers; they therefore appear dark. The non-radiant
decoupling that occurs in the dislocation regions affects the electric properties of the wafers and degrades solar cell
performance. Therefore, specifying the location of dislocations and analyzing the occurrence mechanism is crucial
for developing a more accurate detection method[2].

We implemented 3D visualization based on image processing to specify the dislocations’ constructions in [1].
We also applied other approach methods to specify the regions to machine learning. After training positive and
negative samples, the system predicts the category (positive or negative) for the untrained samples. Under this
framework, we tried the non-negative matrix factorization (NMF) method[3] for the machine learning. This achieves
matrix decomposition that consists of the intensities of each pixel in the sample images for the image features and
their coefficients. This implies that the image can be reconstructed with some base features and their coefficients.
NMF is a familiar method in image processing and audio signal processing research. It decomposes features and
coefficients that have non-negative values. These constraints fit with the physical measurements for identification,
classification, or separation tasks in physical phenomena. The pixel values or power spectrum take non-negative
values. Non-negative coefficients naturally present as amounts of each feature. This has been applied to tasks of
identification of parts (for examples, eyes) in a face image[4] or separation of speech[5], for example. In our task, we
adopted the assumption that dislocation regions in a PL image are different from the features trained by samples.
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Fig. 1. Structure of AlexNet.

Since most of the sample image does not include dislocation regions, we presume that reconstructed images with
dislocation image features will have large reconstructed pixel errors.

In this paper1, we attempt to apply the supervised method to predict with and without dislocation regions
in a sub-segmented region in the PL image of a silicon wafer. We adopted transfer learning with a pre-trained
convolutional neural network and used as an image features extractor.

2 Method

We used AlexNet[7] as our pre-trained convolutional neural network. AlexNet receives input of color images (227
× 227 pixels, RGB-3 channels) and outputs one category from 1,000 general image categories. Figure 1 shows
AlexNet’s schematic structure. AlexNet is composed of five convolution layers and three fully connected layers. The
convolution layer is structured with two-dimensional array elements and kernels (or channels; for example, three
channels in the input layer). The network weights are fixed by pre-trained values from the ImageNet Large Scale
Visual Recognition Challenge’s (ILSVRC) image classification task. The 1st, 2nd, and 5th convolution layers consist
of convolution, activation function (Rectified Linear Unit; ReLU), normalization, and max pooling operations. The
3rd and 4th layers consist of convolution, activation function (ReLU), and normalization operations. The 1st and
2nd fully connected layers are composed of full connection, activation function (ReLU), and dropout operations.
The last fully connected layer performs full connection and softmax operations to output one category from the 1000
categories. The 1st convolution layer operates with an 11 × 11-strides 4 × 4-size filter. 96 kernels were obtained.
One kernel is a 2-dimensional array of 55 × 55 elements. After this, max pooling by a 3 × 3-size strides 2 × 2
strides-sized filter was performed, from which we obtained 96 kernels composed in a 2-dimensional array of 27 × 27
elements. The remaining convolution layers underwent the same operation. The 1st and 2nd fully connected layers
have a weighted connection and dropout to connect randomly by 50%. These layers play a role in the image feature
extractor of the input image for our transfer learning. We replaced the last full connections and set to learn the
connection weights to classify the two with- and without-dislocation categories for the segmented sub-images of the
PL images of a silicon wafer. Loss function was defined by cross-entropies.

3 Experiment

3.1 Experimental setup

Materials We prepared PL images of sliced wafers from one multicrystalline silicon block. The wafer dimensions
were 156 × 156 mm and thickness was 180µm. We assigned numbers to each wafer from the bottom to the top of
1 We added further experiments and discussions to an unreviewed article[6].
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Fig. 2. PL image (#611 wafer) (left: raw image, right: image after processing for contrast enhancement and trimming)[8].

Fig. 3. Examples of images with and without dislocations (left: with dislocations, right: without dislocations).

the silicon block up to #868. We set the exposure duration to 2 sec under a laser output condition of 80 W (λ =
940nm). Training sample images were extracted from wafers #611, #610, and #609.

Figure 2 shows an example of a PL image (#611)[8]. The left image is the raw PL image. Lines extend in the
horizontal direction. These lines correspond to slice marks that are caused by cutting the wafers out of the silicon
block. We can see a clear line around the center; however, similar, finer lines are visible in most of the PL images for
each wafer. We cropped the region of a wafer from a raw image to exclude the black-colored background. Unsharp
Mask processing was performed to obtain an enhanced contrast image [1]. The image after these processes is shown
in the right image in Fig. 2. These processes were performed on a Windows PC. Python programs and OpenCV
libraries were used for implementation.

Image and ground truth We segmented the enhanced PL image (500 × 500 pixels) into sub-regions of 16 × 16
pixels and obtained sample images of 31 × 31 regions. Four pixel regions at the right end and bottom were excluded.
The network receives a 16 × 16-pixel gray image as the input image, but converts it to a scaled color image for an
acceptable format via internal software.

To create the ground truth, we specified the dislocations regions in the PL image via a visual check. For each
segmented region, we defined whether the region includes or does not include dislocations. We performed this
specification on wafers #611, #740, and #868. The number of regions that include dislocations were 23, 22, and
77, respectively.

Examples of images that include (left two images) and do not include (right two images) dislocations in wafer
#611 are shown in Fig. 3. Each image has 16 × 16 pixels.

Images for training and testing We evaluated conditions using one wafer and three wafers as training data.
For the 1-wafer condition, we used segmented regions of wafer #611. For the 3-wafers condition, we used regions of
wafers #611, #610, and #609. We presumed that dislocation regions in #610 and #609 were located at the same
coordinates in wafer #611. We extracted test images from wafers #740 and #868. The images were augmented for
image-shift or flip via internal software.

Transfer learning was performed with a Windows PC (Windows 10 Pro, Intel Core i9-7900X, 32Gbyte, GPU:
NVIDIA Quadro P5000) and the MATLAB R2018b program was used for implementation.

3.2 Results

We set the experimental condition for a mini-batch size of 20 or 40. We updated the last fully connected layers’
weights each time the number of input sample values reached these numbers. Setting a small mini-batch size required
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Fig. 4. Example of dislocation region prediction (#740 of the 3-wafers training sample) (Red: True Positive 17, Yellow: False
Positive 33, Blue: False Negative 5, No-mark: True Negative 906).

Table 1. Accuracy of predictions by transfer learning.

(a) samples from 1 wafer

epoch/mini-batch size #611 #740 #868

18/40 0.997 0.978 0.931
18/20 1.000 0.978 0.934
36/40 1.000 0.979 0.936
36/20 1.000 0.979 0.938
54/40 1.000 0.981 0.940
54/20 1.000 0.981 0.940
72/40 1.000 0.981 0.939
72/20 1.000 0.980 0.938

(b) samples from 3 wafers

epoch/mini-batch size #611 #740 #868

6/40 0.981 0.969 0.941
6/20 0.983 0.970 0.947
12/40 0.988 0.979 0.938
12/20 0.989 0.982 0.937
18/40 0.995 0.975 0.950
18/20 0.993 0.964 0.940
24/40 1.000 0.976 0.949
24/20 1.000 0.972 0.948

frequent weight updates. Each epoch represents the numbers of displayed turns of all data. We tested the training
data from wafer #611 at 18, 36, 54, and 72 epochs and 6, 12, 18, and 24 epochs for the three wafers (#611, #610,
and #609). We tested each condition with five trials.

Figure 4 shows an example of the dislocation region prediction results in wafer #740’s image. These results are
for an 18 epochs/20 mini-batch size for the 3-wafers training samples. The red squares indicate 17 true positive
regions, the yellow squares indicate 33 false positive regions, and the blue ones represent five false negative regions.
The unmarked regions represent 906 true negative regions.

To evaluate, we first calculated the accuracy of the predictions.

Accuracy =
TruePositive+ TrueNegative

Total

Table 1 shows the accuracy in each condition for the (a) 1-wafer and (b) 3-wafers training samples. The 1-wafer
sample achieved a perfect classification level; that is, 1, except for the smallest weight update condition (18 epochs/40
mini batch size) for the training data. For the test data, the best accuracy values are almost the same at about
0.98 for wafer #740 and 0.94 for wafer #868. As we assigned the numbers of wafers in the silicon ingot from the
bottom to the top, we believe that the wafers’ physical properties would be more similar when the numbers were
closer. We used the data from wafer #611 as the training data, which is why the values for #868 are lower than
those of #740.

The three wafers reached a perfect classification level for the training data with many more weight updates
than for the one wafer. The weight update times are the same for each row of (a) and (b). For the test data, the
best accuracy values are almost the same at about 0.98 for wafer #740 and 0.95 for wafer #868. We obtained
improvement of 0.01 points for wafer #868 over the 1-wafer condition. However, the difference in these values is
very small, with #868 lower than #740 being similar to the 1-wafer condition.

Table 2 shows a confusion matrix of the properties for classification. We calculated sensitivity (True Positive
Rate; TPR) and specificity (True Negative Rate; TNR). The values of both TPR and TNR are high, with 1 being the
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Table 2. TPR, TNR, and YI of the predictions by transfer learning.

(a) samples from 1 wafer

epoch/ #611 #740 #868
mini-batch size TPR TNR YI TPR TNR YI TPR TNR YI

18/40 0.887 1.000 0.887 0.273 0.994 0.267 0.138 1.000 0.137
18/20 1.000 1.000 1.000 0.355 0.992 0.347 0.182 1.000 0.182
36/40 1.000 1.000 1.000 0.373 0.993 0.366 0.205 0.999 0.205
36/20 1.000 1.000 1.000 0.436 0.991 0.428 0.226 0.999 0.225
54/40 1.000 1.000 1.000 0.527 0.991 0.519 0.268 0.999 0.267
54/20 1.000 1.000 1.000 0.473 0.993 0.466 0.249 1.000 0.249
72/40 1.000 1.000 1.000 0.427 0.994 0.421 0.242 1.000 0.241
72/20 1.000 1.000 1.000 0.364 0.994 0.358 0.226 1.000 0.226

(b) samples from 3 wafers

epoch/ #611 #740 #868
mini-batch size TPR TNR YI TPR TNR YI TPR TNR YI

6/40 0.652 0.989 0.641 0.536 0.979 0.515 0.314 0.995 0.310
6/20 0.730 0.989 0.719 0.664 0.978 0.641 0.465 0.989 0.454
12/40 0.487 1.000 0.487 0.373 0.994 0.366 0.255 0.998 0.252
12/20 0.522 1.000 0.522 0.291 0.998 0.289 0.242 0.998 0.240
18/40 0.887 0.997 0.884 0.691 0.982 0.673 0.499 0.990 0.489
18/20 1.000 0.993 0.993 0.773 0.960 0.733 0.595 0.970 0.565
24/40 0.983 1.000 0.983 0.609 0.985 0.594 0.491 0.989 0.480
24/20 1.000 1.000 1.000 0.718 0.978 0.696 0.507 0.986 0.492

best. However, both values also often do not reach 1; therefore, we use the Youden index (YI) as their performance
index, calculated by the following equation:

Y I = TPR− (1− TNR) = TPR+ TNR− 1.

If we take the axes of a plot to (1-TNR) and TPR, it is equivalent to the ROC (receiver operating characteristic)
curve. The Youden index is used as an optimal cut-off value on the ROC curve. Table 2 shows the TPR, TNR, and
YI for the training data from the (a) 1 wafer or (b) 3 wafers. The best values of YI are shown in red for the training
of the (a) 1-wafer/(b) 3-wafers data and #740/#868 test data conditions.

Comparing the (a) 1-wafer condition with the (b) 3-wafers one shows that the training samples from the three
wafers achieves better results (up 0.2 points for #740 and 0.3 points for #868). Nevertheless, we did not check
whether the samples for the true positive of #610 and #609 actually include dislocation regions, but assumed
that dislocation regions existed at the same coordinates as those in wafer #611 as a ground truth. Performance
did improve. Although there were only slight differences between the adjacent wafers, we still obtained useful
information from the image features for predicting dislocations. The best YI values were obtained with the 54
epochs/40 mini-batch size for the 1-wafer samples and both test data (#740 and #868). High accuracy values were
also obtained under that condition.

The samples from the three wafers had a similar tendency. The best YI values were obtained with the 18
epochs/20 mini-batch size. The highest accuracy value for #740 was not the same under this condition, but was
close.

For both the (a) and (b) conditions, the highest weight updates did not give the best performance. They are,
however, reasonable results under the concept of an existing cut-off value in the plot of an ROC curve. This may
mean that over-fitting occurred in the higher update conditions (72 epochs/20 size for (a) or 24 epochs/20 size for
(b)). In particular, (a) may be correct as the TPR is degraded to compare closed lower frequent update conditions
(54 epochs/20 size or 72 epochs/40 size).

3.3 Comparison with clustering method

We performed with/without dislocation region predictions using a method based on image features to compare
with the transfer learning. We applied bag of features (visual words) clustering and used the MATLAB program
for implementation. The training images were extracted from the one wafer (#611) or three wafers (#611, #610,
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Table 3. Accuracy of predictions by bag of features.

(a) samples from 1 wafer

#611 #740 #868

0.893 0.829 0.840

(b) samples from 3 wafers

#611 #740 #868

0.863 0.812 0.821

Table 4. TPR, TNR, and YI of predictions by bag of features.

1 wafer

#611 #740 #868

TPR TNR YI TPR TNR YI TPR TNR YI

1.000 0.891 0.891 0.482 0.837 0.319 0.270 0.889 0.160

3 wafers

#611 #740 #868

TPR TNR YI TPR TNR YI TPR TNR YI

1.000 0.860 0.860 0.455 0.820 0.275 0.356 0.861 0.217

and #609), as with the transfer learning. We obtained 294 words from the 1-wafer condition and 500 words from
the 3-wafers condition. Each word is composed from a clustering processing of the image features. We used #740
and #868 for the test images and performed five trials.

Table 3 shows the accuracies of each test wafer. The results for (a) 1 wafer are higher than (b) 3 wafers by
about 0.18 points. However, when compared with the results of the transfer learning (Table 1), the transfer learning
method outperformed the clustering method by more than 0.1 points.

Table 4 shows the TPR, TNR, and YI for each condition. The YI values are notably low as compared to the
results of the transfer learning (Table 2). The TPR for the training data (#611) is 1. This could be due to over-
fitting of small numbers of the positive samples. In the clustering method, the number of features is selected by the
smallest numbers among the number of strong features calculated for each category. Features of the same number
are selected from other categories. To check this process, the regions with dislocations class for both conditions
was selected as the smallest. This implies that features are sufficient for a class that includes dislocations, but not
sufficient for a class that does not.

4 Discussion

Our results demonstrate that the transfer learning worked well. Since we obtained accuracies from the training data
for the one wafer that reached 1, more training epochs will not result in improvement. However, results for the test
images of the 54 epochs/40 mini-batch-size condition are better than the 18/20 condition. Therefore, more training
epochs may lead to outperforming the 3-wafers condition. As the YI values did not smoothly change in the 3-wafers
condition, we will seek more detailed examination. Improving performance will require increasing the sample data.

To focus on the best condition of YI, at 18/20 for the 3 wafers, we show one result of five trials in Figure 4.
False negative regions (blue) tend to be smaller in size or have a larger darker area in the square as compared with
the true positive region (red). Changing the method of segmenting in the PL image can decrease false negative
regions. False positive regions appear likely to occur because the gray level difference is not regarded as important
for prediction. They are similar to true positive regions in shape, but the contrast is comparatively low. We think
that additional features must be added as input, for example, an edge image.

5 Conclusions

We proposed a method of predicting dislocation regions, which are crystallographic defects in a PL image, by
applying transfer learning via a convolutional neural network. We compared cases using training data from one
wafer and three wafers. Changing epochs and mini-batch size, we evaluated the best results under the Youden
index. The 3-wafers condition led to better results for the test data than the 1-wafer condition, and the transfer
learning method outperformed the bag of features clustering method (visual words). In the future, we will seek to
locate smaller dislocation regions.
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