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Preface

In recent years, modern spectroscopic analysis techniques (such as near-infrared,
mid-infrared, ultraviolet-visible, molecular fluorescence, Raman, terahertz, laser-
introduced breakdown spectroscopy, etc.) have been tremendously developed at high
speed. The main feature of these technologies is the involvement of chemometric
methods to process spectral data, so as to obtain as much quantitative and qualitative
information as possible, and significantly improve the robustness and accuracy of the
spectral analysis. Specifically, modern spectroscopies can directly perform qualita-
tive and quantitative analyses of various complex such as gases, liquids, and solids,
exhibiting the advantages of high speed, high efficiency, non-destruction, and online
feasibility. It has been widely applied in fields of agriculture, food, pharmaceuticals,
petroleum, chemical industry, tobacco, environmental protection and medicine, etc.,
playing an increasingly important role in scientific research and industries.

In recent decades, with the rapid development of artificial intelligence, data
mining, and cloud computing, newchemometricmethods have sprungup andbecome
one of the fastest-growing branches in spectroscopic analysis technology, which
is also a research hotspot for scholars all around the world. This book mainly
discusses the chemometric methods used for spectral analysis, including spectral
preprocessing, variable selection, data dimensionality reduction, linear or nonlinear
multivariate calibrations, pattern recognition, calibration sample selection, outlier
recognition, model update and maintenance, multi-spectral data fusion, calibration
transfer, and deep learning algorithms, etc.

Considering the comprehensiveness and systematic reviewing, this book summa-
rizes and reviews the latest research progresses of chemometrics in the spectral anal-
ysis, particularly, which are closely combined with scientific researches and practical
applications, as well as, many algorithm improvements and strategy extensions. The
authors believe this book will provide new aspects and ideas for researchers and
users in this field. From the perspective of practicability, this book provides as much
as possible the complete framework of several kinds of algorithm so that readers
can initially understand the mainstream knowledge and context of chemometrics.
If readers are interested in the details of certain algorithms, they can find out more
knowledge according to the reference documents of this book.
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This book was planned by Prof. Xiaoli Chu. He wrote the Chinese version of
this book, which is widely praised by readers in the field of chemometrics and
spectral analysis in China. For this book of English version, Dr. Yue Huang wrote
the Chaps. 1, 7, 11, 17, 19, and 20. Dr. Yong-Huan Yun wrote the Chaps. 2, 3, 5,
9, 10, 13, and 15. Dr. Xihui Bian wrote the Chaps. 4, 6, 8, 12, 14, 16, and 18. At
last, Prof. Xiaoli Chu made the final revision and proofread of the book. Due to the
rapid development of chemometrics and the limitation of the authors’ knowledge
and English writing level, there must be some unavoidable omissions, errors, and
inadequate interpretation in the book. Please feel free to criticize and correct them,
and the e-mail of the corresponding author is cxlyuli@sina.com.

Beijing, China
Beijing, China
Haikou, China
Tianjin, China

Xiaoli Chu, Ph.D.
Yue Huang, Ph.D.

Yong-Huan Yun, Ph.D.
Xihui Bian, Ph.D.

mailto:cxlyuli@sina.com


Contents

1 Chemometric Methods in Analytical Spectroscopy Technology . . . . 1
1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1.1 Overview of Chemometrics . . . . . . . . . . . . . . . . . . . . . . . 2
1.1.2 Analysis of Spectroscopy Combined

with Chemometrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15
1.1.3 Beginning of Modern Spectroscopy

Technology—The Contribution of Karl Norris . . . . . . . 20
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

2 Modern Spectral Analysis Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
2.2 Near-Infrared Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

2.2.1 Micro Near-Infrared Spectral Analysis
Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.2.2 Online Near-Infrared Spectral Analysis
Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

2.2.3 Standard Methods for Near-Infrared
Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.3 Mid-Infrared Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
2.3.1 Portable Mid-Infrared Spectral Analysis

Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
2.3.2 Online Mid-Infrared Spectral Analysis

Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
2.4 Raman Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.4.1 Fourier Transform Raman Spectroscopy . . . . . . . . . . . . 51
2.4.2 Surface Enhanced Raman Scattering

Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51
2.4.3 Confocal Raman Spectroscopy . . . . . . . . . . . . . . . . . . . . 53
2.4.4 Spatial Offset Raman Spectroscopy . . . . . . . . . . . . . . . . 55
2.4.5 Transmitted Raman Spectroscopy . . . . . . . . . . . . . . . . . . 57
2.4.6 Portable Raman Spectral Analysis Technology . . . . . . . 59

vii



viii Contents

2.4.7 Fiber Raman Spectral Analysis Technology . . . . . . . . . 60
2.5 Ultraviolet-Visible Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . 61
2.6 Molecular Fluorescence Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . 64

2.6.1 Three-Dimensional Fluorescence Spectroscopy . . . . . . 65
2.6.2 Laser-Induced Fluorescence Spectroscopy . . . . . . . . . . . 67

2.7 Low-Field NMR Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
2.8 Terahertz Spectroscopy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70
2.9 Laser-Induced Breakdown Spectroscopy . . . . . . . . . . . . . . . . . . . . . 72
2.10 Spectral Imaging . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3 Basis of Matrices and Mathematical Statistics . . . . . . . . . . . . . . . . . . . . 89
3.1 Basis of Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
3.2 Matrix Representation of Lambert-Beer’s Law . . . . . . . . . . . . . . . . 92
3.3 Variance and Normal Distribution . . . . . . . . . . . . . . . . . . . . . . . . . . 93
3.4 Significance Test . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
3.5 Correlation Coefficient . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99
3.6 Covariance and Covariance Matrix . . . . . . . . . . . . . . . . . . . . . . . . . . 100
3.7 Multivariable Graph Representation . . . . . . . . . . . . . . . . . . . . . . . . . 102

3.7.1 Spatial Representation of Samples . . . . . . . . . . . . . . . . . 102
3.7.2 Box Plot . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104
3.7.3 Radar Chart . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

4 Spectral Preprocessing Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
4.1 Mean Centering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
4.2 Auto-scaling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113
4.3 Normalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114
4.4 Smoothing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4.4.1 Moving Average Smoothing . . . . . . . . . . . . . . . . . . . . . . . 115
4.4.2 Savitzky-Golay Convolution Smoothing . . . . . . . . . . . . 116
4.4.3 Fourier Transform and Wavelet Transform . . . . . . . . . . 117

4.5 Continuum Removed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119
4.6 Adaptive Iteratively Reweighted Penalized Least Squares . . . . . . 120
4.7 Derivative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122

4.7.1 Norris Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
4.7.2 Savitzky-Golay Convolution for Derivative

Calculation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123
4.7.3 Wavelet Transform for Derivative Calculation . . . . . . . . 125
4.7.4 Fractional Derivative . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

4.8 Standard Normal Variate and De-Trending . . . . . . . . . . . . . . . . . . . 129
4.9 Multiplicative Scatter Correction . . . . . . . . . . . . . . . . . . . . . . . . . . . 132
4.10 Vector Angle Conversion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134
4.11 Fourier Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135
4.12 Wavelet Transform . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137
4.13 Image Moment Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144



Contents ix

4.14 External Parameter Orthogonalization . . . . . . . . . . . . . . . . . . . . . . . 147
4.15 Generalized Least Squares Weighting . . . . . . . . . . . . . . . . . . . . . . . 148
4.16 Loading Space Standardization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 149
4.17 Oblique Projection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150
4.18 Orthogonal Signal Correction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

4.18.1 Wold Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
4.18.2 Fearn Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 152
4.18.3 Direct Orthogonal Signal Correction Algorithm . . . . . . 154
4.18.4 Direct Orthogonal Algorithm . . . . . . . . . . . . . . . . . . . . . . 155
4.18.5 Application of Orthogonal Signal Correction

Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156
4.19 Net Analyte Signal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157
4.20 Optical Path-Length Estimation and Correction . . . . . . . . . . . . . . . 158
4.21 Two-Dimensional Correlation Spectroscopy . . . . . . . . . . . . . . . . . . 160
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

5 Wavelength Selection Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
5.1 Correlation Coefficient and Analysis of Variance Method . . . . . . 170
5.2 Simple-To-Use Interactive Self-modeling Mixture

Analysis Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173
5.3 Successive Projections Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . 174
5.4 Variable Importance in Projection . . . . . . . . . . . . . . . . . . . . . . . . . . . 175
5.5 Interval Partial Least Squares Method . . . . . . . . . . . . . . . . . . . . . . . 176
5.6 Moving Window PLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 176
5.7 Recursive Weighted PLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 178
5.8 Elimination of Uninformative Variables . . . . . . . . . . . . . . . . . . . . . 178
5.9 Global Optimization Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

5.9.1 Genetic Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181
5.9.2 Simulated Annealing Algorithm . . . . . . . . . . . . . . . . . . . 184
5.9.3 Particle Swarm Optimization . . . . . . . . . . . . . . . . . . . . . . 185
5.9.4 Ant Colony Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

5.10 Model Population Analysis-Based Methods . . . . . . . . . . . . . . . . . . 189
5.10.1 Competitive Adaptive Reweighted Sampling . . . . . . . . . 190
5.10.2 Iteratively Retaining Informative Variables . . . . . . . . . . 192
5.10.3 Variable Combination Population Analysis . . . . . . . . . . 195
5.10.4 Other Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
5.10.5 Wavelength Selection Method Based on Hybrid

Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 197
5.11 The Selection of Spectral Preprocessing and Wavelength

Selection Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 200
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 202



x Contents

6 Spectral Dimensionality Reduction Methods . . . . . . . . . . . . . . . . . . . . . 209
6.1 The Multicollinearity Problem . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209
6.2 Principal Component Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 213

6.2.1 Theory of Principal Component Analysis . . . . . . . . . . . 213
6.2.2 Determination of Principal Component Number . . . . . . 215
6.2.3 Algorithm of Principal Component Analysis . . . . . . . . . 216
6.2.4 Application of Principal Component Analysis . . . . . . . . 217
6.2.5 Multivariate Resolution Alternating Least

Squares . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 218
6.2.6 Band Target Entropy Minimization . . . . . . . . . . . . . . . . . 219
6.2.7 Multilevel Simultaneous Component Analysis . . . . . . . 221

6.3 Non-negative Matrix Factorization . . . . . . . . . . . . . . . . . . . . . . . . . . 222
6.4 Independent Component Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . 224
6.5 Multi-dimensional Scaling Transformation . . . . . . . . . . . . . . . . . . . 225
6.6 Isometric Mapping . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 226
6.7 Local Linear Embedding . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 229
6.8 T-Distributed Stochastic Neighborhood Embedding . . . . . . . . . . . 230
6.9 Other Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 233
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 233

7 Linear Calibration Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 237
7.1 Univariate Linear Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 237
7.2 Multiple Linear Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 238
7.3 Concentration Residual Augmented Classical Least Squares . . . . 239
7.4 Stepwise Linear Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 240
7.5 Ridge Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 241
7.6 Lasso Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 241
7.7 Least Angle Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 242
7.8 Elastic Net . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 243
7.9 Principal Component Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . 244

7.9.1 Theory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 244
7.9.2 Method for Selecting the Optimal PCs . . . . . . . . . . . . . . 245
7.9.3 Partial Least Squares Regression . . . . . . . . . . . . . . . . . . . 249

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 252

8 Nonlinear Calibration Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 255
8.1 Artificial Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 255

8.1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 255
8.1.2 Back Propagation-Artificial Neural Network . . . . . . . . . 260
8.1.3 Design of BP-ANN . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 264
8.1.4 Other Types of Neural Networks . . . . . . . . . . . . . . . . . . . 267
8.1.5 Optimization of Neural Network Parameters . . . . . . . . . 270

8.2 Support Vector Machine . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 271
8.2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 271
8.2.2 Support Vector Regression . . . . . . . . . . . . . . . . . . . . . . . . 277
8.2.3 Least Squares Support Vector Regression . . . . . . . . . . . 280



Contents xi

8.2.4 Optimization of Support Vector Regression
Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 281

8.3 Relevance Vector Machine . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 283
8.4 Kernel Partial Least Squares . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 285
8.5 Extreme Learning Machine . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 287
8.6 Gaussian Process Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 289
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 293

9 Method of Selecting Calibration Samples . . . . . . . . . . . . . . . . . . . . . . . . 297
9.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 297
9.2 Kennard-Stone Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 302
9.3 Sample Set Partitioning Based on Joint X–Y Distances

(SPXY) Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 303
9.4 Optimizable K-dissimilarity Selection Method . . . . . . . . . . . . . . . . 303
9.5 Other Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 304
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 307

10 Detection Methods for Outlier Samples . . . . . . . . . . . . . . . . . . . . . . . . . . 309
10.1 Detection of Outlier Samples During Calibration Process . . . . . . 309
10.2 Detection of Outlier Samples During the Prediction Process . . . . 310
10.3 Other Detection Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 313
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 314

11 Maintenance and Update of Calibration Model . . . . . . . . . . . . . . . . . . 317
11.1 Necessity . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 317
11.2 Recursive Exponentially Weighted PLS . . . . . . . . . . . . . . . . . . . . . 321
11.3 Block-Wise Recursive PLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 323
11.4 Just-In-Time Learning and Active Learning . . . . . . . . . . . . . . . . . . 325
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 325

12 Pattern Recognition Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 329
12.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 329
12.2 Unsupervised Pattern Recognition Methods . . . . . . . . . . . . . . . . . . 331

12.2.1 Similarity Coefficients and Distances . . . . . . . . . . . . . . . 331
12.2.2 Hierarchical Cluster Analysis . . . . . . . . . . . . . . . . . . . . . . 333
12.2.3 K-Means Clustering . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 335
12.2.4 Fuzzy K-Means Clustering . . . . . . . . . . . . . . . . . . . . . . . . 337
12.2.5 Gaussian Mixture Model . . . . . . . . . . . . . . . . . . . . . . . . . . 339
12.2.6 Self-organizing Neural Network . . . . . . . . . . . . . . . . . . . 340

12.3 Supervised Pattern Recognition Methods . . . . . . . . . . . . . . . . . . . . 343
12.3.1 Minimum Distance Discriminant Method . . . . . . . . . . . 343
12.3.2 Canonical Variate Analysis . . . . . . . . . . . . . . . . . . . . . . . . 344
12.3.3 K-Nearest Neighbor . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 348
12.3.4 Soft Independent Modeling of Class Analogy . . . . . . . . 349
12.3.5 Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 352
12.3.6 Soft-Max Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 354
12.3.7 Random Forest . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 356



xii Contents

12.3.8 Application of Regression Methods
for Discriminant Analysis . . . . . . . . . . . . . . . . . . . . . . . . . 359

12.4 Spectral Searching Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 360
12.4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 360
12.4.2 Spectral Searching Algorithms . . . . . . . . . . . . . . . . . . . . . 363
12.4.3 Improvements of Spectral Searching Algorithms . . . . . 366
12.4.4 Spectral Searching Strategies and Applications . . . . . . . 370

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 374

13 Model Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 381
13.1 Evaluation of Quantitative Calibration Model . . . . . . . . . . . . . . . . . 381

13.1.1 Evaluation Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . 381
13.1.2 Model Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 385

13.2 Evaluation of Performance of Pattern Recognition Model . . . . . . 392
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 397

14 Methods for Improving Prediction Ability of Model . . . . . . . . . . . . . . 399
14.1 Modeling Strategies for Improving the Robustness . . . . . . . . . . . . 399
14.2 Modeling Strategies Based on Local Samples . . . . . . . . . . . . . . . . 400
14.3 Ensemble Modeling Strategies . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 402

14.3.1 Bagging Ensemble Strategy . . . . . . . . . . . . . . . . . . . . . . . 403
14.3.2 Boosting Ensemble Strategy . . . . . . . . . . . . . . . . . . . . . . . 404
14.3.3 Stacked Ensemble Strategy . . . . . . . . . . . . . . . . . . . . . . . . 407
14.3.4 Stacked Generalization Strategy . . . . . . . . . . . . . . . . . . . 409

14.4 Virtual Sample Modeling Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . 411
14.5 Semi-supervised Learning Methods . . . . . . . . . . . . . . . . . . . . . . . . . 413
14.6 Multi-target Regression Strategy . . . . . . . . . . . . . . . . . . . . . . . . . . . . 416
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 417

15 Multi-spectral Fusion Technology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 423
15.1 Fusion Strategies and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 423
15.2 Multi-block Partial Least Squares Method . . . . . . . . . . . . . . . . . . . 428
15.3 Sequential and Orthogonal Partial Least Squares Method . . . . . . . 430
15.4 Research on Application of Multi-Spectral Fusion . . . . . . . . . . . . 431
15.5 Future Prospect . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 436
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 436

16 Multi-way Resolution and Calibration Methods . . . . . . . . . . . . . . . . . . 439
16.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 439
16.2 Parallel Factor Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 441
16.3 Alternating Trilinear Decomposition . . . . . . . . . . . . . . . . . . . . . . . . 444
16.4 Multi-way Partial Least Squares . . . . . . . . . . . . . . . . . . . . . . . . . . . . 445
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 449



Contents xiii

17 Calibration Transfer Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 451
17.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 451
17.2 Traditional Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 453

17.2.1 Spectral Subtraction Correction . . . . . . . . . . . . . . . . . . . . 453
17.2.2 Shenk’s Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 453
17.2.3 Direct Standardization . . . . . . . . . . . . . . . . . . . . . . . . . . . . 454
17.2.4 Piecewise Direct Standardization . . . . . . . . . . . . . . . . . . . 454
17.2.5 Procrustes Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 456
17.2.6 Target Transformation Factor Analysis . . . . . . . . . . . . . . 456
17.2.7 Maximum Likelihood Principal Component

Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 457
17.2.8 Slope/Bias Correction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 457

17.3 Improvement of Traditional Algorithms . . . . . . . . . . . . . . . . . . . . . 458
17.4 New Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 462

17.4.1 Canonical Correlation Analysis . . . . . . . . . . . . . . . . . . . . 462
17.4.2 Spectral Space Transformation . . . . . . . . . . . . . . . . . . . . 463
17.4.3 Alternating Trilinear Decomposition . . . . . . . . . . . . . . . . 464
17.4.4 Multi-task Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 465
17.4.5 Generalized Least Squares . . . . . . . . . . . . . . . . . . . . . . . . 466
17.4.6 Other Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 467

17.5 Global Calibration, Robust Calibration, and Model Update . . . . . 471
17.6 Progress of Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476

17.6.1 SBC Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476
17.6.2 SSC Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 476
17.6.3 Shenk’s Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 477
17.6.4 DS Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 478
17.6.5 PDS Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 479
17.6.6 CCA Method . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 482
17.6.7 Establishment of Global Model . . . . . . . . . . . . . . . . . . . . 482
17.6.8 Other Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 484

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 484

18 Deep Learning Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 503
18.1 Stacked Auto-encoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 504
18.2 Convolution Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 507

18.2.1 Basic Structure of CNN . . . . . . . . . . . . . . . . . . . . . . . . . . 507
18.2.2 Optimistic Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . 513
18.2.3 Loss Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 514
18.2.4 Activation Function . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 515
18.2.5 Methods to Avoid Over-Fitting . . . . . . . . . . . . . . . . . . . . 519
18.2.6 Classical Convolution Neural Network

Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 521
18.2.7 Popular Deep Learning Software Framework . . . . . . . . 527
18.2.8 Design of Convolution Neural Networks . . . . . . . . . . . . 529
18.2.9 Training of Convolution Neural Networks . . . . . . . . . . . 532



xiv Contents

18.2.10 Advantages and Disadvantages of Convolution
Neural Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 535

18.2.11 Applications of Convolution Neural Network . . . . . . . . 535
18.3 Deep Belief Network . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 543
18.4 Transfer Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 546
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 550

19 Chemometrics Software and Toolkits . . . . . . . . . . . . . . . . . . . . . . . . . . . 555
19.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 555
19.2 Basic Structure and Functions of Software . . . . . . . . . . . . . . . . . . . 555
19.3 Common Software and Toolkits . . . . . . . . . . . . . . . . . . . . . . . . . . . . 558
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 560

20 Discussion of Some Issues . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 563
20.1 Comparison of Different Spectroscopic Analysis . . . . . . . . . . . . . . 563
20.2 Selection of Chemometric Methods . . . . . . . . . . . . . . . . . . . . . . . . . 566

20.2.1 Selection of Multivariate Calibration Methods . . . . . . . 567
20.2.2 Selection of Pattern Recognition Methods . . . . . . . . . . . 568
20.2.3 Selection of Spectral Preprocessing Methods

and Spectral Variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . 571
20.3 Influencing Factors of Model Prediction Ability . . . . . . . . . . . . . . 572

20.3.1 Effect of Calibration Samples . . . . . . . . . . . . . . . . . . . . . 573
20.3.2 Effect of Reference Data . . . . . . . . . . . . . . . . . . . . . . . . . . 575
20.3.3 Effect of Spectral Measurement Methods . . . . . . . . . . . . 579
20.3.4 Effect of Spectral Acquisition Conditions . . . . . . . . . . . 581
20.3.5 Effect of Instrument Performance . . . . . . . . . . . . . . . . . . 587

20.4 Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 587
References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 591



Chapter 1
Chemometric Methods in Analytical
Spectroscopy Technology

Summary

In recent decades, with the rapid development of artificial intelligence, data mining,
and cloud computing, new chemometric methods have sprung up and become one
of the fastest-growing branches in spectroscopic analysis technology, which is also
a research hotspot for scholars all around the world. This book mainly discusses
the chemometric methods used for spectral analysis, including spectral prepro-
cessing, variable selection, data dimensionality reduction, linear or nonlinear multi-
variate calibrations, pattern recognition, calibration sample selection, outlier recog-
nition, model update and maintenance, multi-spectral fusion, model transfer, and
deep learning algorithms, etc. Considering the comprehensiveness and systematic
reviewing, this book summarizes and reviews the latest research progress in the
world, particularly, which are closely combined with scientific researches and prac-
tical applications, as well as, many algorithm improvements and strategy extensions.
The authors believe this book will provide new aspects and ideas for researchers and
users in this field.

1.1 Introduction

Chemometricswas born in the early 1970s. It is usually defined as “Chemometrics is a
branch of chemistry, which uses mathematical and statistical methods with computer
technology, designs and selects the best measurement procedures and experimental
methods, in order to obtain themaximum information by interpreting chemical data”.
Change with development, the definition of chemometrics has many expressions, but
its goal is very clear, that is, to extract the most useful information from the measured
data. Kant once said “Among the branches of natural sciences, only those that can
be expressed in mathematics are true sciences”. The feature of chemometrics is to
construct the chemical measurement as a mathematical model that can be expressed
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through mathematical formula. Different from other branches of theoretical math-
ematic, chemometrics is a discipline of all the theories and methods based on the
chemical experimental data [1–3].

Spectral analysis technology, including molecular spectroscopy and atomic spec-
troscopy, such as mid-infrared, ultraviolet-visible, molecular fluorescence, Raman,
terahertz, laser-induced breakdown, nuclear magnetic resonance, etc., has the advan-
tages of simple sample processing, non-destructive, fast and real-time monitoring,
and on-site online analysis [4].With regard to the quantitative and qualitative analyses
of complex samples (such as petroleum, grain, traditional Chinesemedicine, tobacco,
food, soil, etc.), traditional experimental methods cannot extract very useful infor-
mation from spectra with serious matrix effects and obtain quantitative or qualitative
results. The popularity of computers and the rise of chemometrics have brought lots
of new ideas and methods to the development of spectroscopic analysis, because the
significant contribution is to awaken the sleeping “analytical giant” of near-infrared
spectroscopy (NIR) technology [5, 6]. Subsequently, chemometrics was gradually
combined with other spectroscopies like LIBS, which greatly improves the accu-
racy and robustness of spectral analysis. Nowadays, chemometrics has become a
common method for spectrum discrimination and simultaneous determination of
multiple components in the complex systems, and also become an important part of
the interdisciplinary process analytical technology (PAT) [7].

This bookmainly introduces the chemometricmethods commonly used inmodern
spectroscopic analysis, calibration strategies, and their latest developments.

1.1.1 Overview of Chemometrics

1.1.1.1 Origin, Definition, and Development History

Chemometrics was born in the early 1970s. In 1971, when the Swedish chemist
S. Wold was naming a fund project from three concepts as chemical data anal-
ysis, computer in chemistry, and chemometrics, and finally he chose the last one,
the moment from then on it was officially announced the birth of the emerging
discipline of chemometrics. Three years later, he and Professor Kowalski of the
University of Washington established the International Chemometrics Society (ICS)
in Seattle, USA. In fact, the early chemometrics weremostly from the classical statis-
tical methods. For example, the concept of principal component analysis (PCA) was
proposed by British statistician K. Pearson early as in 1901, and was later devel-
oped and popularized by American statistician H. Hotelling in 1933. Till 1972, PCA
was then used for deconvolution of chromatographic overlapping peaks. The famous
partial least squares (PLS) was proposed by H. Wold, an econometric statistician in
Sweden, for processing economic data in the 1960s. Later, his son S.Wold developed
it in 1983 to solve the difficult chemical data regression problem, and obtained very
satisfactory results. Currently, PLS algorithm has become a standard multivariate
modeling method. Another example, early as in 1953, Hammond et al., proposed
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derivative spectrophotometry, which is nowwidely used inmolecular spectroscopies,
to improve spectral resolution and reduce interference.

The flourishing period of chemometrics was in the 1980s. The popularity of
computers, drive of industrial interests (pharmaceutical development and process
analysis), upgrade of analytical instruments, together made the research of chemo-
metrics reach an unprecedented depth and breadth. In fact, some of the foremost
methods now widely used are mostly created or perfected at that time. In general,
development of chemometrics can be roughly divided into four stages [8].

(1) Pre-establishment

The characteristic of this stage is the application of mathematical statistics in chem-
istry, especially analytical chemistry. Analysts discussed the standard deviation,
confidence interval, least square regression, and other issues of the analysis results.
Organic chemists studied the structure-activity relationship of linear free energy,
which can be considered the predecessor of chemical quantitative structure-activity
relationship (QSAR). In general, the mathematical methods used by analysts during
this period are basically descriptive. However, in other disciplines such as engi-
neering science, psychology and other behavioral sciences, factor analysis, pattern
recognition, and other methods have been used for higher-level data processing. In
1920, some economists had tried to introduce methods such as principal compo-
nent analysis, factor analysis and canonical correlation analysis in mathematics to
process massive amounts of information such as economic trends and stock prices.
They achieved great success and proposed the Econometrics.

(2) Birth of chemometrics

According to the specific requirements of chemistry, analysts developed and created
a series of data processing, classification, prediction, and analysis methods. Chemo-
metrics had become a major branch of analytical chemistry. This development
includes two factors. One is the gradual popularization of computers, including the
instrumentation of analytical chemistry that can accurately provide chemists with
a large amount of reliable data. How to efficiently convert the data of these instru-
ments into useful information naturally became the original drive for developing
chemometrics. The second one is that various powerful mathematical methods can
be applied in analytical chemistry with the help of faster computing. The rise of
chemometrics can be regarded as the main manifestation of modern technological
changes in chemistry marked by computer applications.

(3) 1980s

The unique multivariate calibration, multivariate discrimination, and chemical
pattern recognition methods, such as partial least squares, soft independent modeling
of class analogy (SIMCA), rank annihilation factor analysis, evolving factor anal-
ysis, etc., had been greatly developed in theory and algorithm research. During
this period, the professional journals as “Journal of Chemometrics” (1987, Wiley)
and “Chemometrics and Intelligence Laboratory Systems” (1988, Elsevier) were
established, along with many classic chemometrics monographs published. These
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publications played an important role in disseminating knowledge of chemomet-
rics, introducing development trends, and guiding scientific research topics. In 1984,
American Mathwork Company officially launched MATLAB software, by which
many complex mathematical calculations used in chemometrics can be realized with
only one coding expression, making it almost a standard programming language for
chemometrics research. When a new algorithm was published, usually MATLAB
codes were attached, that greatly promoted the development of the discipline.

(4) 1990s

Chemometrics had truly entered the stage of practical applications, such as near-
infrared spectroscopy, sensors, medicine and pharmacy, etc. Almost all modern
analytical instruments had a computer or microprocessor containing the chemomet-
rics software. Chemometrics was becoming an indispensable tool in the daily work
of chemistry or analytical chemistry. Furthermore, series of new methods such as
artificial neural networks, wavelet transforms, genetic algorithms, and support vector
machines, were employed by analysts, as new tools for solving chemical problems.

1.1.1.2 Content of Chemometrics

Development of chemometrics has provided many new ideas, new approaches, and
new concepts for solving problems in all chemical branches such as analytical chem-
istry, food chemistry, environmental chemistry, medicinal chemistry, organic chem-
istry, and chemical engineering. Its research content almost covers the entire process
of chemical measurement (Fig. 1.1), mainly including the following parts [9, 10].

(1) Sampling theory and method

Sampling is the first step of analysis. The reliability of analytical results is directly
related to whether the sampling is correct or rational. The purpose of analysis or

Fig. 1.1 Correspondence between the chemometrics and chemical measurement
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testing is to obtain the unbiased information about the entire object based on the data
measured from a sectional sample. Sampling refers to the mathematical theory of
how to collect samples. Commonly used sampling methods involve heterogeneous
solid materials, dynamic processes, and quality inspections.

(2) Experimental design and optimization

Experimental design and optimization need to design and arrange experiments and
optimize measurement conditions so as to improve work efficiency. Orthogonal
design and simplex optimization method are still the main strategy for experimental
optimization. Its purpose is to obtain as much information as possible about the rela-
tionship between the target and the factors with the fewest number of trials. Besides,
someglobal optimizations, such as simulated annealing algorithm, genetic algorithm,
and particle swarm algorithm, are also being practiced.

(3) Signal processing

Interference signal and noise are often mixed in the analysis signal. By use of signal
smoothing, filtering, transformation, peak splitting, curve fitting, derivation, and inte-
gration techniques, analysis signals can be reliably distinguished and detected from
interference signals, and the signal-to-noise ratio can be improved.

(4) Resolution and calibration

Multivariate resolution and calibration are the core content and also the most distinc-
tive part of chemometrics. Calibration is a mathematical process that extracts useful
information from the instrument signal. Its purpose is to establish the relationship
between the analysis signal and the concentration for the quantification of the analyte.
Multivariate calibration is a method used to improve the selectivity and reliability of
analysis that is suitable for a variety of instrument signals, such as spectrum, mass
spectrum, and chromatographic data. It correlates the independent variable (measure-
ment information) of the training set with the dependent variable (the property of
interest, such as the concentration of an analyte in a complex system or other phys-
ical and chemical properties) so as to establish multivariate calibration models. For
unknown samples, when the measurement information is obtained, the concentration
or property parameters, that used to be measured by laborious, time-consuming, and
costly standard methods, can be predicted according to the established model.

Multivariate resolution can extract various response curves of pure substances
(spectral curve, pH curve, time curve, elution curve and concentration curve, etc.)
from the analysis data of various evolution processes of unknown mixtures without
need to know the type and composition of unknown samples in advance. Common
multivariate resolution includes self-mode curve resolution (SMCR), evolving factor
analysis (EFA), window factor analysis (WFA), heuristic evolving latent projec-
tions (HELP), projection rotation factor analysis (PRFA), generalized rank annihi-
lation method (GRAM), Tucker3, parallel factor analysis (PARAFAC), alternating
trilinear decomposition (ALTD), and so on. It can solve problems that trouble tradi-
tional analytical chemistry, such as the analysis of complex multi-component equi-
librium and kinetic systems, the detection of peak purity of complex systems in
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chromatography and its hyphenated methods, and the resolution of overlapping
peaks.

(5) Pattern recognition

Chemical pattern recognition is to select the characteristics of samples, find the
rules of classification, and then classify and identify unknown sample sets according
to the rules of classification. If sample is known, then classified; if unknown, the
classification depends entirely on the natural characteristics of the sample. Chemical
pattern recognition can be used to interpret spectral data, study structure-activity
relationships, classify drugs, determine pollution sources, diagnose early stage of
cancer, and identify authentic products, etc. It provides very useful information for
decision-making and process optimization.

(6) Computer simulation

Simulation is an important means of using computer to study chemical reactions,
measuring methods, and analyzing data. Monte Carlo simulation is one of the most
commonly used simulation methods.

(7) Quantitative structure-activity relationships

Quantitative structure-activity relationship (QSAR) uses multivariate calibration and
pattern recognition methods to find out the quantitative relationship between struc-
ture, properties, and biological activity from a series of compounds with the already
known activities, then predict the activity of new compounds, and guide the design
of new compounds.

(8) Chemical database and library searching

With the daily increase of spectrum data, various databases appeared, such as
compound structure databases, various spectrum databases, physical property
databases, etc. The rapid retrieval and effective use of data have become an important
research content of computer processing information.

(9) Artificial intelligence and chemical expert system

The chemical expert system is an intelligent computer program system that applies
chemical knowledge and logical reasoning to solve chemical problems. It covers
molecular structure analysis, selection of the best measurement, and separation
conditions for various instruments (chromatography, spectroscopy, etc.), etc.

Almost all of the above chemometrics contents are involved in the spectroscopic
analysis, but actually, they have their own key points and particularities. In addi-
tion, there are also new focus on calibration transfer, outlier sample identifica-
tion, and model evaluation methods. The chemometric methods applied to modern
spectroscopic analysis mainly include the following five aspects [11–13].

(a) Spectral preprocessing and variable selection methods, such as derivative,
Fourier transform, wavelet transform, genetic algorithm, etc., weaken or elimi-
nate the influence of various non-target factors on the spectrum, remove irrele-
vant information variables as possible, improve resolution and sensitivity, and
enhance the predictive ability and robustness of the calibration model.
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(b) Multivariate calibration methods for establishing quantitative models, such
as multiple linear regression (MLR), principal component regression (PCR),
partial least squares (PLS), artificial neural network (ANN), and support vector
machine regression (SVR), etc. The purpose is to build analytical model
for predicting the physical properties or chemical compositions of unknown
samples.

(c) Pattern recognition methods and outlier detection methods, such as minimum
distance discrimination method, SIMCA and KNN method for recognition,
as well as spectral residual root mean square method and nearest neighbor
distance method for outlier detection, etc. The purpose is to cluster or identify
different types of samples, and to determine whether the sample to be tested
is within the coverage of the quantitative model, and to ensure the accuracy of
the prediction results.

(d) For signals obtained by hyphenated analysis methods (excitation-emission
three-dimensional fluorescence spectroscopy) or spectral imaging (near-
infrared, infrared and Raman imaging, etc.), multidimensional resolution, and
calibration methods, such as Tucker3, PARAFAC, ATLD, and multi-way PLS
methods, can distinguish the response signals of multiple analytes with similar
properties at the same time, and directly quantitatively determine the analyte
components of interest in the presence of unknown interferences.

(e) calibration transfer methods, such as direct standardization (DS), piecewise
direct standardization (PDS), and Shenk’s algorithm, etc., reliably transfer
the qualitative or quantitative calibration model established on one instrument
to other identical or similar instruments, or use the model established under a
certain condition for the spectra collected by the same instrument under another
conditions, thereby reducing the time and cost required for calibration.

1.1.1.3 Necessity of Chemometrics

Application of chemometrics to the quantitative and qualitative analyses of spec-
troscopy in many cases makes the analysis result a significant level-up. Its functions
can be summarized into the following aspects.

(1) Multivariate calibration, as shown in Fig. 1.2, can improve the accuracy and
precision of analysis. Factor analysis methods such as principal component
regression and partial least squares can not only make use of the full spec-
trum but also significantly reduce the interference of coexisting components
and background. The concentration of multiple components can be directly
determined without chemical separation.

The basis of spectral quantification is the Lambert-Beer law. The linear relationship
is based on the assumption of monochromatic light and dilute solution, without
considering the interaction between light-absorbing molecules and the neighboring
molecules. In practice, the relationship between absorbance and concentration of
actual samples, especially natural complex (agro-products, petroleum, etc.) is usually
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Fig. 1.2 Scheme to improve the accuracy and repeatability of analytical testing

not a simple linear relationship. The traditional single-wavelength calibration curve
method can no longer generate satisfactory result. Take determination of fat content
inmeat using near-infrared spectroscopy, for example, only the absorbance at 940 nm
(the characteristic absorption band of methylene third overtone) cannot establish an
accurate calibration curve (as shown in Fig. 1.3), with the correlation coefficient R of
only 0.23. Instead, the short-wave near-infrared spectrum (850–1050 nm) combined
with PLS is used to establish a multivariate calibration model, a far more accurate
prediction results can be obtained (as shown in Fig. 1.4), with R of 0.97 at the same
concentration range [14].

(2) Signal processing technology can improve the S/N ratio of the instrument,
increase sensitivity, eliminate interference, extract useful information hidden
in the spectrum, separate overlapping peaks, and improve resolution of the
spectrum. For example, methods as Fourier and wavelet transform can smooth,
de-noise, and compress the spectrum, reliably distinguish and detect useful
signals from the interferences, providing high-quality characteristic variables
for multivariate calibration.

Figure 1.5 shows the Raman spectra of the same mineral from different origins in
the international RRUFF mineral database. Due to the interference of fluorescence,
the spectra vary in great difference. However, after the baseline correction by the
asymmetric least squares, theRaman spectra of the samemineral have good similarity
(Fig. 1.6) [15].
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Fig. 1.3 Unary linear regression results of absorbance at 940 nm

Fig. 1.4 The calibration result of the shortwave NIR full spectrum-PLS method
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Fig. 1.5 Ten original Raman spectra of the same mineral from different origins in the RRUFF
mineral database

Fig. 1.6 Spectra of Fig. 1.5 after baseline correction

Figure 1.7 is the original spectrum of NIR diffuse reflectance spectra of flour.
Affected by particle size and sample heterogeneity, the baseline drift is serious,
making the spectral change not related to its composition concentration linearly.
After the second derivative preprocessing, it can be seen that not only the baseline
drift has been corrected, but also many characteristic peaks have been extracted in
Fig. 1.8.

Figure 1.9a is the original spectra of the detection point in the landing area acquired
by the China Yutu 2 patrol rover reaching the surface of the moon’s back. Figure 1.9b
is the spectra after processing by the continuous removal method (envelope removal
method). It can be seen that this method effectively enhances the reflection charac-
teristics of the spectral curve and provides the possibility for further analysis of the
chemical composition of the lunar mantle [16].
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Fig. 1.7 Diffuse reflectance NIRS of different flour samples

Fig. 1.8 Spectra of Fig. 1.7 after the second derivative processing
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Fig. 1.9 a Diffuse reflectance near-infrared spectra of minerals on the lunar surface; Fig. 1.9 b
Spectra processed by continuum removal method

(3) Pattern recognition can make spectral analysis no longer a mere provider of
analytical data, but a provider of chemical information aswell as a direct partic-
ipant and solver of chemical issues. For example, spectra with pattern recog-
nition methods can accurately identify authentic products such as drugs, food,
and cosmetics, as well, can diagnose early stage of cancer, identify sources of
oil spills.

Figure 1.10 is the MIR spectra of the root-end substances of bird feathers from
different genders, in which spectra of males and females cannot be identified by
the traditional characteristic peak method, because they all reflect the functional
groups in proteins, nucleic acids, phospholipids, carbohydrates, and ribose. But,
after extracting the scores of the first and third principal components (Fig. 1.11), the
gender of the bird can be clearly distinguished by PCA.

Fig. 1.10 Mid-infrared spectra of the root-tip material of different gender bird feathers
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Fig. 1.11 The first and third principal component diagrams after principal component analysis

In the industrial process, some control variables are often related to each other.
Separate statistics on these variables often lead to situations where abnormal condi-
tions are not easily confirmed. As shown in Fig. 1.12, the individual temperature and
pH variables in each production process are both within the controllable range, but
it is easy to identify abnormal points by multivariate statistical methods.

1.1.1.4 Attention in Application

Chemometrics is the application of statistics, mathematics, and computer technology
in chemistry. Namely, chemistry is the basis of all the applications, and any those
out of chemistry is unreliable. When using chemometrics, a deep understanding
and mastery of the field involved in the problem or relevant chemical background
should be possessed first. For instance, to use NIRS in the analysis of petrochemical
products, it is somuch necessary tomaster certain conventional analytical techniques
of petrochemical products and the basic principles of NIRS, then it is possible to
establish a reasonable model by chemometrics. Otherwise, a very dangerous result
would inevitably arise.

Therefore, modern process analytical technology with chemometrics and spec-
troscopy is considered to be a highly intersecting comprehensive discipline and also
a complete system integrating cutting-edge science and novel technology. It includes
engineering technology disciplineswith analytical instruments, optics, and electronic
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Fig. 1.12 Single and multi-variable control chart for judging abnormal points in the production
process

engineering, and also applied basic disciplines with petrochemistry, food chemistry,
medicinal chemistry, and soil chemistry, etc.

When dealing with practical problems, it is necessary to choose the appropriate
chemometric method according to the specific case, instead of using the latest or the
most complicated method. In fact, some basic chemometric concepts can address
many application problems [17]. Using the simplest method to obtain satisfactory
results is an important principle need to followwhen choosing chemometricmethods.
Of course, this requires proficiency in some basic concepts and algorithm principles
of chemometrics.
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1.1.2 Analysis of Spectroscopy Combined with Chemometrics

1.1.2.1 Establishment of Calibration Model

In recent years, with the continuous improvement of instrument performance and
measurement accessories, the analytical technology of molecular spectroscopy
combined with chemometrics is being applied in many fields at an astonishing speed.

As shown in Fig. 1.13, spectroscopy combined with chemometrics methods for
analysis mostly use the same mode, that is, a calibration model is established based
on a set of known samples, which is called calibration samples or training samples.
Based on the spectra of these samples and their corresponding reference data, a
calibration or recognition model is established. For the sample to be tested, only its
spectrum needs to be measured, and the quantitative or qualitative results based on
the established model will be obtained.

The basic steps for building a quantitative calibration model are as follows:

(1) Collection of calibration samples

There are two requirements for calibration samples. One is that the sample should be
representative. Its composition should include all the chemical components contained
in the sample to be predicted in the future, and its variation range should be greater
than that of the corresponding property of the sample to be predicted. Specifically,
the variation range is usually greater than five times the reproducibility of the refer-
ence method, and it is evenly distributed throughout the range. For example, if the
reproducibility of the gasoline octane number determined by the standard method
is 0.7 units, then variation range of the calibration sample is at least 3.5 units. The
second requirement is that the number should be adequate enough to effectively
extract the mathematical relationship between the spectra and the components to be
predicted. For a simple test system, at least 60 representative samples are required. For
a complex system, at least over one hundred of representative samples are required.

Fig. 1.13 Process of establishment of calibration model and prediction of unknown sample
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For collection of natural samples, a variety of influencing factors should be consid-
ered. For example, when collecting crop samples, it should include samples of
different climates, growing conditions, varieties, textures, and harvest seasons, etc.
Online chemical testing should include samples under various process conditions,
such as raw materials, temperature, pressure, and catalysts, etc.

(2) Acquisition of spectra

For near-infrared spectroscopy (NIRS), modes of transmission, diffuse reflection,
and diffuse transmission can be selected according to the different objects. Even the
same diffuse reflectionmethod, there are differentmeasurement accessories like inte-
grating spheres, diffuse reflection probes, etc. Thus, the optimal selection of acquisi-
tion conditions and standardized measurement are the core content of spectra collec-
tion. The spectra acquisition to be optimized mainly include temperature, optical
path, resolution, number of spectral accumulations, andwavelength range, as well as,
sample pretreatments such as milling of solid samples, extraction of liquid samples,
or fruit slices, etc. In most cases, the samples used for NIRS measurement do not
require any pretreatment.

To obtain uniformly measured spectra, standardized collection of spectra is very
important, that is, spectral measurement conditions of all samples in the same cali-
bration set should be as consistent as possible. Plus, sampling (such as sample inho-
mogeneity issues) and loading (such as the density of solid particles, the direction
of liquid cuvettes, the orientation of single grains or fruits, etc.) should also be
standardized.

(3) Selection of calibration sample

Samples that are analyzed in the laboratory usually have thousands of inspections in
a few months, but it is possible that more than 80% of these samples are duplicate
samples. So, it is necessary to select the representative samples to establish a cali-
bration model. It can not only increase the speed of modeling but also reduce the
storage space of the library. Furthermore, when encountering samples outside the
model boundaries, fewer samples can increase the range of application of the model
and facilitate model update and maintenance. Plus, the cost will be huge.

PCA is usually performed on the spectra of all calibration samples, and then a
certain number of representative samples are selected according to their distribution
in the principal component space (PCs), such as the commonly used K-S method.
When selecting calibration samples, attention should be paid to the outlier samples.
In the spatial distribution of PCs, these outliers are significantly different from others,
which may contain other components or the extreme concentrations.

(4) Measurement of reference method

The accuracy of the reference data has a greater impact on the prediction of the quan-
titative model. Therefore, most of the reference data used in modeling are measured
by standard methods or conventional analytical methods. If necessary, the accuracy
and repeatability of these conventional methods should to be evaluated. To obtain
the high-accuracy reference data, sometimes it is necessary to take the average value


