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12 Abstract: In this work, a tailored extreme learning machine (ELM) algorithm to enhance the overall
13 robustness of gas analyzer based on the tunable diode laser absorption spectroscopy (TDLAS)
14 method is presented. The ELM model is tailored through activation function selection, input weight
15 and bias searching, and cross validation method to address the analyzer robustness issues for
16 industrial process analysis field application. The two particular issues are the inaccurate gas
17 concentration measurement caused by the process gas background components variation, and the
18 inaccurate spectra shift calculation caused by spectral interference. By using our algorithm, the
19 concentration error is reduced by one order of magnitude over a much larger stream pressure and
20 component range compared with that obtained by classical least square (CLS) fitting methods based
21 on reference curves. Additionally, it is shown that with our algorithm, the wavelength shift accuracy
22 is improved to less than 1 count over 1000 counts spectra length. In order to test the viability of our
23 algorithm, a trace ethylene (C2Hs) TDLAS analyzer with coexisting methane was implemented, and
24 its experimental measurements support analyzing robustness enhancement effect.
25 Keywords: gas analyzers; optical sensors; TDLAS; extreme learning machine
26

27 1. Introduction

28 Absorption spectroscopy is a versatile technique to obtain fundamental physics parameters with
29  great precision. Tunable diode laser absorption spectroscopy (TDLAS) technology has gained
30  popular acceptance for trace gas measurement in various industries due to rapid development of
31  optoelectronics technology. Because of its high sensitivity and fast response time, it is widely used in
32 coal mine safety [1], combustion measurement [2], petrochemical process analysis [3], dissolved gas
33 detection [4], gas emission and air quality monitoring [5] etc.

34 But there are challenges to maintain the analyzing robustness and accuracy for long term onsite
35  industrial applications. The conventional concentration measurement method is based on calibration
36  model using reference spectra [6, 7]. The common issues are spectral deformation and spectral
37  interference caused by process background and operating condition variation. These factors are
38  entangled in real time measurement due to the dynamic nature of industrial process. The analyzing
39  system deviates from the original calibration and its performance degrades over time. To address
40  these issues, linear regression algorithms such as classical least square fitting (CLS, also known as
41  multiple linear regression -MLR) method [6], partial least square fitting (PLS) method [7] are
42 commonly adopted in TDLAS spectra analysis. CLS algorithm is also named as reference curve
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43 method. PLS is an integration of regression and principle component analysis. The models are good
44 for certain tolerance of background change.

45 But when the spectral interference or deformation becomes stronger, it is hard to achieve
46  satisfactory performance with the linear regression algorithms. Then nonlinear algorithms such as
47  artificial neural networking (ANN) [8], supporting vector machine (SVM) [9] and extreme learning
48  machine (ELM) [10-15] were introduced in spectra analysis. Among those, ELM is a novel single layer
49  forward neuro networking (SLFN) algorithm proposed and developed by G. Huang [16-20]. It has
50  the relative advantages of simple structure and less computation time. ELM is capable of regression
51  and dlassification [21-22]. For the classification application, ELM was used in coal classification [10],
52 dynamic fresh fruit detection [11], and traffic road signs identification [22] etc. The regression ELM
53 for quantitative calculation was applied in element analysis [12], gas concentration retrieval [13],
54 stellar star abundance calculation [14], diesel fuel and blend oil analysis [15], and food extrusion
55 processing [23] etc. ELM spectra analysis [10-15] was used in micro-NIR, Fourier transform infrared
56  (FTIR) spectroscopy, laser induced breakdown spectroscopy (LIBS) area. Its application in TDLAS
57  spectra analysis for industrial process analysis was not implemented so far.

58 2. Experiment

59 The process of TDLAS analyzer gas concentration measurement is shown in Figure. 1. The
60  spectra generation process is illustrated in Figure. 1 (a). The second harmonic component of laser
61  absorption was obtained through laser current modulation and demodulator extraction. The
62  procedure of calibration model training and verification is illustrated in Figure. 1(b) and (c).
63  However, in the practical model verification, there are challenges due to the harsh operating
64  environment. Particularly, we will deal with two issues. First issue is the accurate gas concentration
65  prediction caused by background components and gas pressure variation during process
66  measurement. Second issue is the accurate spectra shift prediction with strong spectral interference.
67  The direct impact is the degradation of prediction accuracy, shown by the error band width d change
68  from ideal case to practical case in Figure. 1(c). ELM was proposed to address the challenges. With
69  ELM, we aim to calculate both the gas concentration in dynamical process background and the actual
70 spectra shift with the interfering spectral structures.

71 We choose trace ethylene (C2Hs) measurement as the application example. C2Ha is an important
72 indicator gas which needs real time monitoring at ppmv (part per million by volume, default as ppm)
73 level in many areas. For example, in the biomedical area, analyzing C2Hs in breath air can be used to
74 study lipid peroxidation of human body cell, so that related deases can be diagnosed at early stages.
75  Another example is monitoring coal spontaneous combustion which is a major risk in the coal mining
76  wells and storages [24-25]. Trace level C2Hs is produced in early stages and the concentration
77  increases as the process continues. CHa is a common coexisting component and also brings spectra
78 interference. So, accurate measurement of C2Ha4 concentration at trace level is difficult.

79 Accordingly, 0-200ppm range CoHs measurement experiment was designed with 0-2000ppm
80  CHas presence and in dynamic environment. The system schematic is shown in Figure. 2. A Cortex-
81 A5 chip manufactured by Atmel is used as the master micro controller unit (MCU). The A5 MCU
82  controls a commercial module PCI-FPGA-1A manufactured by Port City Instruments (PCI). Its main
83  functions are laser wavelength scan, modulation, photoelectric current amplification and
84  demodulation. A sawtooth shape driving current is applied to the distributed feedback (DFB) laser
85  to scan the wavelength. The tuning range is around 0.45 nm which covers two absorption peaks of
86  the C2Hs at 1626.35nm and 1626.53nm respectively. The laser temperature is stabilized and adjusted
87 by a WTC3293 module (TEC, temperature controller). The scan period is 102ms and the maximum
88  out of fiber power is 3.3mW. The laser driving current is superimposed with a 31.4 KHz sin wave AC
89  signal (1f) for amplitude modulation. The transmitted light is collected by a PIN InGaAs detector.
90  The photon current is directed sequentially through I/V convertor, preamplifier, band pass filter, and
91  phase sensitive lock-in amplifier (demodulator). The second harmonic component denoted as 2f is
92 generated by using a frequency doubled reference signal (2f Ref) in demodulator. The modulation
93  signal (1f) and demodulation reference signal (2f Ref) are generated through a digital signal


http://dx.doi.org/10.20944/preprints201812.0331.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 December 2018

94 synthesizer (DSS). The optical power signal during the scan denoted as DC is obtained through a low
95  pass filter. DC and 2f, together with gas status parameter temperature T and pressure P are feed to
96  the A5 processor through an analog to digital convertor (ADC).
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98 Figure 1. The process of TDLAS analyzer gas concentration measurement. (a) 2f spectra generation;
99 (b) Model training with training set; (c) Model verification with collected spectra.
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101 Figure 2. Schematic of C2Hs measuring TDLAS platform.
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The C2Hs absorption features were thoroughly searched in the near infrared region [24, 26].
Absorbance of 1ppm-m moisture (H20), carbon monoxide (CO), carbon dioxide (COz), CHs and C2Ha
in 1626-1627nm wavelength region is depicted in Figure 3. (a). To demonstrate the clear features of
CHas spectra, its absorbance is plotted on right axis whose scale is 10 times of left axis. At 25°C,
atmosphere pressure and 1ppm-m concertation level, the peak absorbance of CH is one magnitude
weaker than C2Hs. The other potential components such as H2O, CO, and CO:z are four or more
magnitudes weaker than C2Ha4. Thus, from 1626.25nm to 1626.70nm region (defined by two magenta
dotted lines in Fig. 3(a)) is the ideal wavelength scan range for C2Hs analysis. Experimentally acquired
DC and 2f spectra of 200ppm C2Hs and 2000ppm CHs balanced in N2 are shown in Figure. 3(b) and
used as the reference curve in CLS method. The spectral structure of C2Hs and CHs are overlapped.
The gas stream is generated through an automatic gas mixing station with premixed 1000 ppm C2Hs
in nitrogen (N2), 1% CHa in N2 and pure N2 bottles.

To address the spectra analysis challenges, two experiments were designed. To prepare for
analyzer calibration model, test samples should be representative and cover all possible status. Thus,
the associated independent variables of the samples such as gas concentrations, pressure, laser
driving current etc. should be randomly set. The first experiment was the process simulation test,
where CHs was mixed in stream. The C2Hs, CHs concentration, and gas pressure was randomly
varied through the Excel random function in experiment design. The second experiment was spectra
shift simulation test, where driving current was randomly adjusted with dynamic gas composition
to mimic spectra drift effect.
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Figure 3. (a) Absorbance of 1ppm-m H:0, CO, CO CHs and CoHs in 1626-1627nm wavelength
region. (b) Experimentally acquired DC and 2f spectra of 200ppm C2Ha and 2000ppm CHa.

2.1. Process Simulation Experiment

This experiment was to simulate the industrial process in a controlled scenario, where the C2Ha
concentration, CH4 concentration and gas pressure varied during the measurement. Fifty mixing gas
streams were generated with C2Hs up to 200 ppm, CHs up to 2000 ppm and balancing nitrogen. The
pressure was controlled in 900 to 1100 mbar range. Gas cell was maintained at room temperature. In
order to get representative test sample, the concentrations and pressure were randomly set. The 50
corresponding spectra are plotted in Figure. 4 (a). For an isolated spectra feature, the gas
concentration is proportional to the spectra peak height, which is the simple case of Beer-Lambert
law. But due to CHa interference, accurate measurement can’t be obtained by direct counting the C2Ha
spectra peak height.

2.2. Spectral Drift Simulation Experiment

A commercial analyzer can be used for 5-10 years. During its lifetime, spectra deformations are
unavoidable. Many factors lead to deformation, including the complex operating environment, the
degradation and aging of laser, detectors, and electronics components. Among all the deformations,


http://dx.doi.org/10.20944/preprints201812.0331.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 December 2018 d0i:10.20944/preprints201812.0331.v1

139 spectra drift is the most common type and produces adverse impact on the calibration model
140 accuracy.

141 In this experiment, the gas cell pressure was fixed at 1000 mbar. The gas concentration was also
142 randomly set. The starting current was randomly set in between 59.8 mA to 60.2 mA. The variation
143 range was 0.4 mA and the peak shift range was around 16 counts over 1000 counts spectra range. The
144 current scanning range was fixed at 24 mA. Thus, there was no stretching or shrinking effect. The
145 collected spectra are shown in Figure.4 (b). For an isolated spectra feature, the spectra shift can be
146  calculated by peak tracking based on peak position difference between current spectrum and target
147 spectrum. But it is unlikely to get spectra shift by tracking any spectra peak for the overlapping
148  spectra structures in Figure. 4(b).
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150 Figure 4. Spectra collected in the process simulation test (a) and in spectra drift simulation test (b).
151  3.ELM Algorithm Theory
152 ELM was originally developed for the single-hidden-layer feedforward neural networks and

153 thenextended to the “generalized” SLFNs whose hidden layer need not be tuned [16-20]. Essentially,
154  ELM originally proposes to apply random computational nodes in the hidden layer, which are
155  independent of the training data. Different from traditional learning algorithms for a neural type of
156  SLENs [16], ELM aims to reach not only the smallest training error but also the smallest norm of
157  output weights. ELM is identified with better training speed and generalization ability than BP neuro
158  networking and SVM. The ELM algorithm structure is shown in Figure. 5.

Output Neuron

. Hidden Neurons

n lutput Neurons

159 Figure 5. Structure of ELM algorithm.

160 We target to improve the prediction accuracy of C2Hs concentration or spectra shift amount.
161  They are assigned as model output 0. The prediction is based on the collected spectra. Other variables
162 such as gas temperature T and pressure P may also be helpful to improve prediction accuracy. They
163 are assigned as model input X.

164 The model output o is expressed as,
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165 where g is the output weight, W, =[w,,®,,--,@,]"is input weight, x  is the j-th input of

166 spectra sample x, g(...) is the activation function, ;. is the inner product, b, is the bias of

167 the neuron, 0 ; is the output with respect X N is the number of the sample, L is the number of

168  hidden layer nodes, n is the input layer neuron number, the output layer neuron number is 1.

169 The goal of ELM model training is to find £, W, and b, to match the real output ¢ with
170 model prediction o,
N
ZHOj_tj‘H:Or ()
=1
171 Let
L
Zﬂig(n/i'Xj+bi):tA/aj:1""aN’ 3)
i=1
or in matrix form,
HB=T, @
172 where,
g X+b) - g0 X +b,)
H= : : , (5)
sW-Xy+b) - g -Xy+b) st
173 As a result, the output weight is estimated after model training as,
B=H'T=H (HH")'T, (6)
174 Compared with SLFNs, the major difference of ELM is that the input weight matrix W and bias

175  matrix b of the hidden layer is randomly initialized. Only the number of hidden layer neurons L is to
176  be optimized. That's why ELM is so distinct in its simple structure and fast learning speed. The
177  problem of low learning efficiency and tedious parameter setting of traditional ANN algorithm is not
178  anissue in ELM.

179 ELM optimization research was focused on kernel or excitation function selection [19],
180  progressing modelling and generic algorithm [23], priori parameter initialization [27], and particle
181  swarm optimization [28] etc. ELM model can be improved through optimizing the neuron numbers
182 L [16]. Due to the randomness of the input weight and threshold, there exists fluctuations in the final
183 output. Its stability and generalization ability could be further improved by generic algorithm (GA)
184  optimization of input weight W and bias b. GA is well known for searching of global optimized
185  parameter [23]. GA searching is done through many generations of selection, crossover and mutation
186  operation. Since GA is well studied, its detailed theory is not presented.

187 The activation function is also critical to the model performance in terms of model convergence
188  speed and predication accuracy. But there is no general rule of activation function selection. In neuro
189  networking algorithms, the popular activation function choices are sigmoid, tanh, and ReLU [29] etc.
190  The impact of activation function needs further study with experiment data.

191 To compare the performance of ELM, the conventional classical least square (CLS) fitting
192 method is introduced with following expression,

Y=a,+aR +a,R,, (7)
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193 where Y is the collected spectra, R: and Rz are reference spectra, g; (i=1,2) is the corresponding
194 regression coefficient which is used to determine the gas concentration.
195 4. Algorithm model evaluation and discussion
196  4.1. Experimental Spectra Analysis Procedures
197 Spectra were analyzed with the following procedures: spectra collection, spectra pre-process,
198  spectra partition, model training, model evaluation, model optimization, as shown in Figure. 6.
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200 Figure 6. Spectra analysis flow chart.
201 Spectra collection and pre-process is the first step and done in the embedded system. The

202 collected spectrum has 1000 data points. The spectra were averaged after 50 scans. They were further
203  smoothed by Savitzky-Golay (S-G) polynomial filter to improve the signal to noise ratio (SNR). To
204  cancel the effect of light power fluctuation on spectra strength, spectra were normalized by DC. The
205  PCI-FPGA module separates the spectra into the laser off null period and scan period. The
206  demodulation was done through software, it produces a delay in 2f spectra with respect to DC and
207  needs further alignment. So the region from 80 to 860 was selected for analysis to exclude null period
208  and trivial Os from spectra alignment.

209 In spectra partition, they were divided into verification set and training set. A popular method
210  is the k-fold cross validation (CV). We take 5-fold CV as an example. Spectra were first labeled by
211  indices. They were separated into 5 subgroups per the remainder after the spectra index was divided
212 by 5. Spectra in 4 subgroups were used for model training. Spectra in the leftover subgroup were
213 used for verification. The 5 subgroups took turns to act as training and verification sets.

214 The model performance can be evaluated in many respects such as training time, computation
215  resources, prediction accuracy etc. For the gas analysis purpose, the accuracy is the most significant
216  factor. So, we introduce scale error,
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Scale _ Error, = Abs( %4 ) ,
Fs (8)
Scale _ Error = Max(Scale _ Error;)
217 where o and ¢ are the prediction and set values of the i-th spectrum in verification set, Fs is

218  the full measurement range. Depending the analyzing variables, the accuracy formula may take some
219  modifications. The spectra shift prediction was converted to the current changes in mA.

220  4.2. Process Simulation Test Analysis

221 The 50 spectra collected in the process simulation test are used to calculate the C2Ha
222 concentration prediction in dynamic backgrounds with ELM model. There are several aspects that
223 effect the model performance, such as the function options and parameters value. It is done through
224 the following optimization step.

225 First, we study the effect of activation function with sigmoid, sin, hardlim, tribas, radbas and
226  rectified linear unit (ReLU) choices with subgroup 1 to 4 as training set and subgroup 5 as verification
227  set. The scale errors for different activation functions are listed in Table 1. The scale error for ReLU is
228  0.65% which is substantially better than other choices. By comparing the analytical expression of
229  different activation functions [29], we find that ReLU has linear expression and broad linear response
230  input range without saturation. In this research scenario, the spectra has linear or quasi-linear
231  response to concentration, pressure, temperature or drift variation in defined range. Thus, ReLU is
232 more favorable to the spectra analysis compared with other activation functions than other choices.
233 It is also faster in convergence and its behavior is closer to authentic biological neural activation
234 function. So ReLU is selected for future ELM model.

235 Table 1. Model performance indicated by scale error with different activation functions.
Activation Function Scale Error

Sigmoid 14.74%
Sin 78.90%
Hardlim 8.96%
Tribas 85.50%
Radbas 85.50%
ReLU 0.65%

236 Then, the GA global searching is used to find optimum hidden layer neuron number L, input

237  weight W and bias b. In GA search setting, the group scale is 50, max generation is 25, crossover rate
238  is 0.93, and mutation rate is 0.05. L is optimized at 150. After W,  and b, are identified at

est
239  generation 12, the scale error is improved from 0.65% to 0.37%.

240 Finally, a 5-fold cross validation method is used for the model evaluation. In the validation, each
241  of the 5 groups take turns to act as verification set to test the model trained from the rest four groups.
242 Scale error of each test subgroup with corresponding ELM model is listed in Table 2. It is obvious
243 that ELM model built with subgroup 2-5 as training and subgroup 1 as verification has lowest scale
244 error 0.27%.

245 The optimized ELM models are obtained after GA parameter searching, activation function trial,
246  and 5-fold cross validation. The test error which is defined as prediction values subtract set value
247 normalized by the full range is plotted in Figure. 7(circle). The optimum ELM model is obtained with
248  ReLU activation function and with k=1 subgroup cross validation. The errors of training set are closer
249 to zero because they are deeply suppressed by the activation function during the model training
250  process in which the predication matches the set value as close as possible. The errors of 10 spectra
251  in verification set are larger than in training set. The ELM model performance is represented by max
252 error in the corresponding verification subgroup.
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253
254 Table 2. Scale error in each subgroup for CLS and optimized ELM models.
Subgroup CLS ELM
1 5.70% 0.27%
2 2.80% 0.40%
3 6.00% 0.46%
4 4.20% 0.57%
5 6.30% 0.37%
255 As comparison basis, CLS is introduced to obtain the C2Ha concentration. Its performance is

256  represented by the max error of 50 sample spectra. In CLS regression, R1 is taken with 200ppm C2Ha
257  and R2is taken with 2000ppm CHa. The scale error of CLS method for 50 spectra is listed in Table 2
258  with max error of 6.30%. The CLS test error is also plotted in Figure. 7 (triangle). From the Table 2
259  and Figure. 7, the error of ELM model is reduced by one order of magnitude than traditional CLS

260  method.
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262 Figure 7. C2Ha4 concentration prediction errors vs gas samples for CLS method and optimized ELM model.

263 4.3. Spectral Drift Simulation Test Analysis

264  4.3.1.Spectra shift measurement with ELM model

265 The ELM algorithm was still utilized to obtain the actual spectral shift in the dynamic process.
266  After GA optimization and 5-fold cross validation, the neuron number is 170 and the activation
267  function is ReLU. In the modelling C2Hs concentration is replaced by spectral shift in the model. The
268  scale error is defined as the current prediction error divided by the 16 counts variation range. The
269  scale errors for subgroups are listed in Table 3.The best model corresponding to scale error of 4% is
270  ELM model trained by subgroup 1,2,4,5. The spectra shift prediction error is 4%x16= 0.64 count.

271 In conventional peak tracking method, spectra shift is monitored the by tracking the peak with
272 least spectral interference. So the right C2Ha peak is selected. The scale error of each subgroup is listed
273 in Table 3. Due to concentration variation and residue CHa interference, the precision and accuracy
274 of spectra wavelength shift calculation is much worse than ELM method. The max error is 100% and
275 16 counts.

276 Table 3. Scale error of spectra shift calculation in each subgroup for peak tracking and ELM.
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Subgroup Peak Tracking ELM

1 -56% -16%

2 -75% -15%

3 69% 4%

4 63% 10%

5 -100% 5%

277  4.3.2.Prediction error after shift correction

278 After the spectra shift obtained through peak tracking and ELM model, the spectra can be

279  backshifted. The purpose is to match the shifted spectra with calibration spectra so that original
280  calibration model is still valid. The CoHs concentration prediction error with and without backshift
281  correction are calculated with previously obtained optimum ELM model and CLS method. The result
282  isshown in Figure. 8 (a) and (b).
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284 Figure 8. C2H4 concentration prediction abs. error vs. current shift with and w/o shift correction. (a) ELM
285 method (b) peak tracking method.
286 The scale error of C2H4 concentration for each spectrum is plotted against A/,
Al=1,-60, 9)
287 where [ is the setting current, 60 mA is the base current. Before correction, the error pattern

288  demonstrates a V shape. The explanation is that as spectra shifts more, the error increase more. After
289  ELM correction, the error patterns demonstrate flat belt shape. The belt widths are greatly shrunk.
290  The error is improved from 6.92% to 1.50%. For peak tracking and CLS method, the error has no
291  obvoius improvement. This is due to the fact of very inaccurate peak shift calculation. The
292 improvement of spectra shift correction with ELM method is demonstrated.

293 5. Conclusions

294 In this paper, ELM were employed in the TDLAS spectra analysis. Two experiments were carried
295  out with trace C2Hs measurement as the application example. In the process simulation test, not only
296  the C2Hs and CH: concentration were varied, but also the gas pressure was controlled in 900 to 1100
297  mbar range. For optimized ELM model, scale error of C2Has concentration is obtained at 0.27% with
298  ReLU activation function, GA optimization of input neuron number L, input weight W and bias b,
299  and 5-fold cross validation. For traditional CLS method, the scale error is 6.30%.

300 In the spectra shift simulation test, ELM and peak tracking method are used to analysis the
301  spectra shift. The prediction errors of spectra shift are less than 1 count for ELM and 16 counts for
302  peak tracking. Then the spectra were back shifted to match with the calibration. The C2Hs
303  concentration prediction errors are calculated with and without shift correction. The error has been
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304  reduced from 6.92% to 1.50% by ELM method after shift correction. There is no noticeable error
305  improvement with peak tracking and CLS method. The errors remain in 20% range.

306 In a summary, the optimized ELM model has demonstrated dramatic improvement of TDLAS
307  prediction accuracy by one order of magnitude in the trace C:Hs measurement in a simulated
308  industrial process analysis scenario. The robustness enhancement is explicit. ELM algorithm could
309  be extended to other areas of spectra analysis in the harsh application environments and dynamic
310  processbackground. Complicated spectra deformation in addition to spectra shift could be dealt with
311  ELM algorithm for future research.
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