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The comparison between the model with augmentation and without augmentation

To improve the model’s generalization ability and reduce overfitting, we increased the size
and the robustness of the training set and introduced variations that could be found in “real world
data” using six typical offline data augmentation methods (Shorten and Khoshgoftaar 2019; Feng
et al. 2021): the random erasing, the flipping, the brightness adjust, the random zoom, the random
contrast and the random saturation. Firstly, the random erasing consists of randomly selecting a
rectangular region in an image and replacing its pixels with random values (Supplementary Figure
1b). This procedure generates new training images with various levels of occlusion, which, when
used for training, reduces the risk of over-fitting and also makes the model less sensitive to
occlusions (i.e., missing portions). Then, the flipping consists of mirroring the images both
horizontally and vertically, along the vertical and horizontal axes, respectively (Supplementary
Figure Ic). The third augmentation method is brightness adjust (Supplementary Figure 1d). To
note, the coloring of a picture can be set using three parameters: hue (H), saturation (S) and value
(V), with the latter mainly governing the brightness. By using the Auto Gamma Correction method,
a non-linear operation S=T(R)=R”y (where S and R are the values of brightness in output and
original image, respectively, that are mapped to [0 1]) is to automatically lighten or darken the
image. And the random zoom is zooming into an image at a random location within the image
(Supplementary Figure 1e). The random contrast adjusts the contrast of the images by a random
factor (Supplementary Figure 1f). And the last is random saturation, which can adjust the saturation
of images by a random factor (Supplementary Figure 1g). We compared the Swin Transformer

models that with and without augmentation methods of random zoom, random contrast and



random saturation. We found that the model performance with these augmentation methods was
improved (Supplementary Figure 2a) and the accuracy increased from 0.89 to 0.92. And the loss
was also lower than the method without augmentation methods (0.004 for the methods with
augmentation methods and 0.01 for the method without augmentation methods; Supplementary
Figure 2b). Simultaneously, the abilities to classify between arsenopyrite and stibnite and between
chalcopyrite and pyrite were improved (Supplementary Figure 3). In addition, we found that the
precision and F1-score of the arsenopyrite and chalcopyrite were improved using the methods of
random zoom, random contrast and random saturation (Supplementary Table 1). And the recall of
pyrite and stibnite was also improved (0.81 and 0.84, respectively; (Supplementary Table 1). We
can infer that the techniques of random zoom, random contrast and random saturation can improve
the model ability to classify minerals based on color.
The comparison between adam gradient descent algorithm and stochastic gradient descent
algorithm

There are two optimization algorithms that are always used in deep learning tasks named
adam gradient descent algorithm and stochastic gradient descent algorithm, respectively. The
stochastic gradient descent maintains a single learning rate for all weight updates and the learning
rate does not change during training (Amari 1993). The adam gradient descent stands for Adaptive
Moment Estimation, is an adaptive learning rate algorithm designed to improve training speeds in
deep neural networks and reach convergence quickly (Kingma and Ba 2017). It customizes each
parameter’s learning rate based on its gradient history, and this adjustment helps the neural network

learn efficiently as a whole. And we can find that on the sixteenth epoch, the accuracy of the model



with adam gradient descent achieved the highest of 0.92 (Supplementary Figure 4a). And on the
twentieth epoch, the accuracy of the model with stochastic gradient descent achieved at 0.61
(Supplementary Figure 4a). As for the training loss, the model with adam gradient descent
achieved the lowest value of 0.01 on the twentieth epoch, while the model with stochastic gradient
descent achieved the lowest value of 1.35 on the twentieth epoch (Supplementary Figure 4b). The
adam gradient descent algorithm highlighted superior performances than the stochastic gradient
descent algorithm. In the manuscript, we reported the adam gradient descent algorithm.
The comparison among transfer learning, freeze model and transfer learning plus freeze
model

The “transfer learning” and “freeze model” are two common methods to improve model’s
performance. The transfer learning is an ability of a system to recognize and apply knowledge and
skills learned in previous tasks to novel tasks (Torrey and Shavlik 2010; Z. Liu et al. 2021). It’s
currently very popular in deep learning because it can train deep neural networks with
comparatively little data. This is very useful in the data science field since most real-world
problems typically do not have millions of labeled data points to train such complex models. In
addition, the freeze model is to keep the classification head unfrozen and trains the model with a
high learning rate(Kumar et al. 2019; Y. Liu et al. 2021). And then to unfreeze the top convolution
layers and fine-tune using a lower learning rate. We tried transfer learning, freeze model, and
transfer learning plus freeze model, respectively to train the classification model. We found that
the performance of Swin Transformer using transfer learning is better with an accuracy of 0.92

(Supplementary Table 2 and Figure 6), followed by using the method of freeze model with an



accuracy of 0.90, and with transfer learning and freeze model with an accuracy of 0.86
(Supplementary Figure 5 and Supplementary Figure 6). As for the ResNet50 and MobileNetv2,
the model with transfer learning performs best, the second is the model with transfer learning and
freeze model, and the last is the model with freeze model (Supplementary Figure 5 and

Supplementary Figure 6). In the manuscript, we chose the method of transfer learning.
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Supplementary Figure 1. Data augmentation of five types of metal minerals on the training set.
(a) The original image of five metal minerals. (b) The data augmentation method of Random Erase.
(c) The data augmentation method of Flip. (d) The data augmentation method of Brightness Adjust.
(e) The data augmentation method of Random Zoom. (f) The data augmentation method of
Random Contrast. (g) The data augmentation method of Random Saturation. Apy: arsenopyrite;

Ccp: chalcopyrite; Au: gold; Py: pyrite; Stb: stibnite.
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Supplementary Figure 2. Changes of (a) validation accuracy and (b) training loss of Swin
Transformer with/without data augmentation methods using the method of transfer learning. The
data augmentation methods include random contrast, random saturation and random zoom. The
lines reflect the changes of different methods’ performance within 20 epochs (dark green: Swin

Transformer with data augmentation; light green: Swin Transformer without data augmentation).
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Supplementary Figure 3. Confusion matrix of the test set used to evaluate the method of data
augmentation methods. (a) Swin Transformer with data augmentation methods; (b) Swin
Transformer without data augmentation methods. The data augmentation methods include random
contrast, random saturation and random zoom. Indicated values are the number of images. The
horizontal axis is the predicted label, while the vertical axis is the true label. Apy: arsenopyrite;

Ccp: chalcopyrite; Au: gold; Py: pyrite; Stb: stibnite.
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Supplementary Figure 4. Changes of (a) validation accuracy and (b) training loss of Swin
Transformer with two common gradient descent algorithms using the method of transfer learning.
The lines reflect the changes of different algorithms’ performance within 20 epochs (dark green:
adam gradient descent algorithm. The first-order momentum parameter is set to 0.9 and the second-

order momentum parameter is set to 0.999; light green: stochastic gradient descent algorithm. The
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momentum parameter is set to 0.9).
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Supplementary Figure 5. Changes of (a) validation accuracy and (b) training loss of three
algorithms using the method of freeze model. The lines reflect the changes of different algorithms’

performance within 20 epochs (green: Swin Transformer algorithm; red: ResNet50 algorithm; blue:

MobileNetv2 algorithm).



(a) Validation ACCURACY

0.88 accuracy=0.88
P— accuracy=0.86
0.80 1 O
0.721 accuracy=0.79
& 0.64-
@©
—
> 4
3 0.56
(&]
< 0.48 1
0.40 1
- Swin Transformer accuracy
0.32 1 ResNet accuracy
MobileNet accuracy

1 3 5 7 9 11 13 15 17 19
Epochs
(b) Training LOSS
1.6 - — Swin Transformer loss
ResNet loss
MobileNet loss
1.4 1
1.2 1
loss=1.01
o 1.01 £
(7]
(@]
- 0.8
0.6 1
0.4 loss=0.27
£
0.2 loss=0.18
1 3 5 7 9 11 13 15 17 19
Epochs

Supplementary Figure 6. Changes of (a) validation accuracy and (b) training loss of three
algorithms using the method of transfer learning and freeze model. The lines reflect the changes
of different algorithms’ performance within 20 epochs (green: Swin Transformer algorithm; red:

ResNet50 algorithm; blue: MobileNetv2 algorithm).
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Supplementary Figure 7. Changes of validation accuracy of the Multilayer Perceptron algorithm
using the method of transfer learning. The lines reflect the model performance within 20 epochs.
The Multilayer Perceptron algorithm is set as the baseline to evaluate whether the dataset is class

imbalanced.



Table
Supplementary Table 1 Mineral Classification Performances of Swin Transformer with Data

Augmentation methods and without Data Augmentation methods on the Test Set

Method Metric Arsenopyrite Chalcopyrite Gold Pyrite Stibnite Metric Value
Acc 0.92
) Pre 0.85 0.83 0.96 1.00 0.99 0.93
augmentation Rec 0.99 0.97 1.00 0.81 0.84 0.92
Fl1 091 0.89 0.98 0.90 091 0.92
Acc 0.89
No Pre 0.78 0.80 0.95 1.00 0.99 0.90
augmentation Rec 0.99 0.96 1.00 0.77 0.74 0.89
Fl1 0.87 0.87 0.98 0.87 0.85 0.89

Note: The data augmentation methods include random contrast, random saturation and random zoom. Acc: abbreviation for model

evaluation indicator accuracy; Pre: abbreviation for model evaluation indicator precision; Rec: abbreviation for model evaluation

indicator recall; F1: abbreviation for model evaluation indicator F1-score.



Supplementary Table 2 Mineral Classification Performances of Swin Transformer with Transfer

Learning, Freeze Model, and Transfer Learning Plus Freeze Model on the Test Set

Method Metric Arsenopyrite Chalcopyrite Gold Pyrite Stibnite Metric Value
Acc 0.92
Transfer Pre 0.85 0.83 0.96 1.00 0.99 0.93
learning Rec 0.99 0.97 1.00 0.81 0.84 0.92
Fl1 0.91 0.89 0.98 0.90 0.91 0.92
Acc 0.86
Pre 0.73 0.79 0.92 0.99 0.96 0.88
Freeze model
Rec 0.99 0.92 0.99 0.73 0.69 0.87
Fl1 0.84 0.85 0.96 0.84 0.80 0.86
Acc 0.90
Transfer
Pre 0.81 0.98 0.90 0.85 0.99 0.91
learning +
Rec 0.87 0.86 0.97 0.96 0.84 0.90
freeze model
Fl1 0.84 0.92 0.93 0.90 0.91 0.90

Note: Acc: abbreviation for model evaluation indicator accuracy; Pre: abbreviation for model evaluation indicator precision; Rec:

abbreviation for model evaluation indicator recall; F1: abbreviation for model evaluation indicator F1-score.



