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Abstract: It was difficult to extract mineral features efficiently and quickly from large quantities of
hyperspectral data obtained by airborne imaging hyperspectral spectrometers. An improved data-driven
compressing method for mineral identification models was proposed in this paper, which pruned redundant
neurons in neural networks to obtain efficient mineral identification models. Firstly, the average percentage of
zeros driven by correctly identified samples in the validation set (C-4PoZ) of each neuron was calculated as a
criterion of importance for the neuron, so as to explore the contribution of the neuron to the network for

identifying samples correctly. Then, the redundant neurons were pruned by setting the importance threshold, and
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the pruned network was retrained to improve the identification accuracy while preserving the correct

identification abilities of the original network. Finally, an efficient compressed model for mineral identification

was obtained through multiple iterative pruning. In this paper, the improved data-driven compressing method was

conducted on the mineral identification models based on multilayer perceptron (MLP) to promote their efficiency.

The hyperspectral data of the Nevada mining area collected by Airborne Visible/Infrared Imaging Spectrometer

(AVIRIS) were applied to evaluate the proposed method. The results show that the proposed method obtained an

efficient model for mineral identification with the compression rate of 3.33 and the identification accuracy of

94.35%.

Key words: neural network;  network pruning;
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Fig.1 Schematic of network pruning
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Tab.1 Information of identified minerals
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Tab.2 Model identification accuracy corresponding to

the different number of hidden units

Class name Training Testing Diagnostic
samples samples bands/nm h Overall accuracy

Muscovite 100 400 2200, 2 350 10 91.98%
Halloysite 100 240 2170,2210 15 92.54%
Calcite 100 240 2160, 2 340 20 93.01%
Kaolinite 100 400 2170,2210 25 93.36%
Montmorillonite 100 400 2230 30 93.62%
Alunite 100 400 2170, 2320 35 93.14%
Chalcedony 100 240 2250 40 92.76%
Total 700 2320 45 92.50%
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Tab.3 Result chart of different pruning methods

Importance criteria Sequence number of the pruned neuron Number of pruned units

Compression rate  Identification accuracy after retraining

Proposed C-APoZ
APoZ

1,4,6,12,17,20, 23,27
1,4,6,12,17,20,23

8 1.36
7 1.30

94.61%
94.57%

20210252-6



s Gk A2

% 3 4 www.irla.cn % 51 %
() 55 1 Mot (b) 5% 4 MR&IC (c) 55 6 P&t (d) 55 12 M40
(a) No.l neuron (b) No.4 neuron (¢) No.6 neuron (d) No.12 neuron
() 55 17 Wz () 45 20 #ZIT (2) %5 23 2T (h) 55 27 #ZTT
(e) No.17 neuron (f) No.20 neuron (g) No.23 neuron (h) No.27 neuron
RIS  T EavTn et S
Fig.5 Output results of the pruned neurons
F4 BETAREEMHIEMERERERR
Tab.4 Iterative pruning results based on different importance criteria
C-APoZ (Proposed method) APoZ
Iteration
Compression rate Threshold Identification accuracy Compression rate Threshold Identification accuracy
0 0 0.817 93.62% 0 0.814 93.62%
1 1.36 0.651 94.61% 1.30 0.643 94.57%
2 1.76 0.502 94.66% 1.76 0.597 94.40%
3 2.31 0.464 95.04% 2.14 0.469 94.00%
4 2.73 0.445 94.66% 2.50 0.426 94.00%
5 3.33 0.448 94.35% 2.73 0.444 94.22%
6 429 0.379 93.41% 3.00 0.435 93.84%
7 6.00 0.316 90.13% 3.33 0.412 93.32%
C-APoZ 40 APoZ 95.0%
1 95%
1 ggq0, & 1 945% =
% 94% % % %
= {ow & ¢ { 94.0% &
H lo & & g
g § g -9%%%
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Fig.6 Parameters of the compressed identification models obtained in the iterative pruning process
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Fig.7 Identification results of the Nevada mining area
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