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Data: ramdonpixel_train. pkl, ramdonpixel_val. pkl
Process: # Load data.

1: x_train=train_setl1[ 0], y_train =train_setl ; x_valid =train_set2[ 0], y_valid = train_set2
2. while SAE model do

3 save pre-train SAE model weightsl

4. end while

5. load data

6. while rebuild SAE model do

7. if weights] # () then

8: load weightsl as rebuild SAE model input

9: loss=new loss

10: new loss(Xn, Xn,)

11. a=Xn-Xn,

12 N =k. int_shape(a)

13. b=k. dot(a, k.eye(N))
14 a=k. transpose(a)

15. result=k. dot(a, b)

16 result=result /(2 * N)
17 result=k. sum (result)
18. return result

19 save model. compile (optimizer="Adam’,loss=SAE_loss,metrics = [ 'accuracy’])
20 save weight2

21. load rebuild SAE

22 . while rebuild SAE model do

23 load weight2

24 . save VW-SAE model

25. end
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Table 1 Prediction results
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VW-SAE:. an Improved Method of Spectral Data Representation

HU Xiaoyong, WANG Hairong, LIU Wuyang
( School of Computer Science and Engineering North Minzu University , Yinchuan 750021, China)

Abstract: Aiming at the problems of the high dimensionality of hyperspectral images and inaccurate tar-
get feature extraction, a variable-Wise Weighted Stacked Autoencoder ( VW-SAE) spectral data feature
representation method was proposed. Based on the stacked autoencoder ( SAE), the VW-SAE method
identified important variables from the input layer of each AE, and maped the output information in the
AE objective function through the correlation analysis of the output variables. Different variables intro-
duced different weights for training, extracted the features related to the output layer by layer, and
stacked them to form a deep network. By adjusting the weight of each layer of the network, in the process
of reducing the dimensionality of the spectral data, the feature information in the spectral data was better
extracted at the same time, thereby improving the accuracy of the prediction model. To verify the effec-
tiveness of the method, using more than 10 248 rice images that had been collected was used. A VW-
SAE-FNN model was built based on the stacked autoencoder combined with the fully connected gods net-
work (SAE-FNN). The test results showed that the accuracy of this method was significantly improved
compared to the SAE method.

Key words: hyperspectral image ; variable weighting; stacked autoencoder; weight; nitrogen element
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