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1. Light source control panel; 2. Light source; 3: Lens 1; 4. Light
Lens 2; 6: Optical fiber; 7.

Schematic diagram of the nitrate sensor

windows; 5. Microspectrometer;

8: Control and signal processing module; 9: Interface
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Table 1

Model prediction results

Serial Actual Value 1 Hidden Layer BPNN 2 Hidden Layer BPNN PLS Predictive
number /(pg s LD Predictive Value/(pg « L™ Predictive Value/(pg « L™ Value/(pg « L71)

1 90. 000 104. 788 93.374 108. 898

2 180. 000 192. 742 169. 137 168. 596

3 240. 000 252. 648 229.105 241.797

4 330. 000 371.021 332.520 332.716

5 360. 000 386. 348 353.995 365. 818

6 420. 000 420. 715 415.918 427.090

7 630. 000 649. 778 654. 724 639. 038

8 660. 000 594. 306 654. 930 679.720
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Table 2 Evaluation of the nitrate concentration
by the three methods

Model r MAEZ MRE/%  RMSEP
(],Lg - L 1)

1h-BP 0.975 24. 217 7.7 30. 873

2h-BP 0.997 8. 442 2.8 10. 864

PLS 0. 997 9. 560 11. 470
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Nitrate Measurement in the Ocean Based on Neural Network Model
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Abstract Nitrate concentration is an important indicator for the marine ecosystem. Compared with laboratory chemical methods
such as Cadmium-Reduction method, in-situ nitrate optical sensor is much faster and reagent-free in a long time and continuous
monitoring. Partial Least Squares (PLS) method is often used in ultraviolet absorption spectrum modeling, which is difficult to
optimize and has low generalization ability. The neural network can compel any no-linear function by any precision, which has
high generalization ability in the modeling. A neural network model is established in the in-situ nitrate sensor to measure the
nitrate concentration in seawater in which the nitrate concentration range is 30 ~750 pg « L™'. Double-hidden layer neural
network model is determined to adopt by contrasting performance of single-hidden layer and double-hidden layer to measure
nitrate concentration, the input layer is absorption spectrum from 200 to 275 nm, the output layer is nitrate concentration, and
sigmoid function is used as the activation function. Gradient descent method is used to update weighting parameters for the
neural network of each layer, after 55 000 times iteration, network training is conducted based on the learning rate of 0. 26.
After validation for the blind test of the model through 8-group randomized validation data, the nitrate concentration using doub-
le-hidden layer neural network model is higher in linear correlation to its actual concentration (R* =0.997) in which the Root
Mean Squared Error is 10. 864, average absolute error is 8. 442 pg « L', average the relative error is 2. 8%. Compared with
single-hidden layer neural network model, the double-hidden layer neural network model has higher accuracy in which the aver-
age relative error is reduced by 4. 92% , the Root Mean Squared Error of PLS is 4. 58% using the same spectral data, while the
mean relative error is 11.470. The result shows that the neural network model is much better than the Partial Least Squares
model under certain conditions. It verifies the superiority of the neural network model applied to the nitrate concentration meas-
urement by ultraviolet absorption spectrometry. The application test was carried out on the “Environmental Monitoring 01”
monitoring vessel of the Ministry of Natural Resources, the measurement results are basically identical with the laboratory

method in 11 stations, which is further proved from the reliability and practicality.
Keywords Ultraviolet; Absorption spectroscopy; Seawater; Nitrate; Neural network; Spectral analysis
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