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Near infrared spectroscopy in the Australian 
grape and wine sector 
Introduction 

The Rapid Analytical Methods Team at The Australian Wine Research Institute (AWRI) 

has developed applications of spectroscopic techniques for the analysis of grape and 

wines. Spectroscopic techniques used or developed by the AWRI include the ultraviolet 

(UV),visible (VIS), near infrared (NIR) and mid-infrared (MIR) wavelength regions of 

the electromagnetic spectrum. 

These have been used to develop methods for rapid analysis and quality control in the 

Australian wine sector, as well as by wine scientists and researchers. Rapid sensor 

techniques are also increasingly being used by research scientists as cost-effective 

quantitative and qualitative analytical tools. 

 

Infrared and UV-Vis spectra can effectively represent a ‗fingerprint‘ of the grape or wine 

sample being analysed and can be used to simplify methods and reduce analytical times 

for many grape and wine analytes. These advantages, together with the ability to provide 

detailed chemical information and simultaneously measure several analytes, have been 

the impetus for developing such spectroscopic methods. 

 

Key factors contributing to the use of these methods at the AWRI and in the wine sector (such as 

advances in instrument reliability, readily available chemometrics software and improved computing 

power) have enabled a paradigm shift in rapid analytical methods. 

Compared to traditional laboratory methods, spectroscopic techniques often give new and better insight 

into complex problems by measuring a great number of chemical compounds at once, thus enabling the 

‗fingerprinting‘ of each sample. They can be used for continuous and non-destructive measurements on 

grape and wine products and processes over time, and in many cases give an understanding of the 

chemical properties of materials in-situ during the production of various wine products. These methods 

are attractive due to their inherent features of versatility, flexibility, effectiveness and richness of 

information. 

To further enhance the quality of its products, the wine industry has a clear need for simple, rapid and 

cheap techniques for objectively evaluating the quality of grapes (Gishen et al. 2001; Kennedy 2002; 

Francis et al. 2005). The measurement of grape characteristics which impact on product quality is a basic 

requirement for vineyard improvement and for optimum production of desired wine styles. 

 

It is common industry practice for quality assessment to be comprised of measurement of total soluble 

solids (TSS) and acidity, visual assessment, and also by sensory assessment of fruit and of wines 

following vinification. Acidity and soluble solids measures are insufficient as quality indicators, and it is 

not possible to objectively assess quality by tasting alone. There is a strong need in the modern wine 

industry for timely information that can be used for grape berry maturity assessment, identification of 

vineyard blocks or sections of a vineyard that should be segregated, and load quality assessment (Gishen 

et al. 2001; Kennedy 2002; Francis et al. 2005). 
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Existing analytical methods for measurement of grape composition are not optimum for the demands of 

production in the modern wine industry, where the two factors of rapidity and low cost of analysis are of 

paramount importance. Even simple analyses currently require samples to be sent to a possibly 

geographically separate laboratory with inherent delays in achieving results. More complex analyses, such 

as grape colour measurement, terpene analysis, nitrogen concentration, and phenolics analysis are not 

considered as serious options by industry because of their cost and slow turnaround time. Assessment of 

juice, wine and spirit quality is also restricted at present for similar reasons. 

Spectroscopic techniques such as near infrared (NIR) offer possibilities for simple, rapid and cost 

effective analysis throughout the wine industry production chain, starting with grapes and finishing with 

wines and sprits. Nowadays the main application of NIR spectroscopy in the wine industry is the 

measurement of alcohol content using filter instruments with two or three wavelengths.  

However, with the availability of new instruments (e.g. monochromator or diode array 

spectrophotometers - Picture 1), faster computers and the development of new algorithms and software 

for chemometric analysis, all the information residing in a full spectrum can be utilised and has resulted in 

new applications of NIR spectroscopy in the wine sector. 

Picture 1: Monochomator and diode array instruments used by the Australian wine sector. 
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What is infrared spectroscopy?  

Infrared radiation is the region of the electromagnetic spectrum between the visible and the microwave 

wavelengths (Figure 1). 

 

Figure 1: Electromagnetic spectrum. 

The nominal range of wavelengths for near-infrared (NIR) is between 750 and 2,500 nm (13,400 to 4,000 cm-

1), while for the mid-infrared (MIR), the spectral range is from 2,500 to 25,000 nm (4,000 to 400 cm-1) 

(Murray 1999; Osborne et al. 1993, McClure 2003). 

 

Solid, liquid or gaseous samples can absorb some of the incoming infrared radiation at specific wavelengths 

resulting in a ‗fingerprint‘ spectrum. Spectral ‗signatures‘ in the MIR result from the fundamental stretching, 

bending, and rotating vibrations of the sample molecules, whilst NIR spectra result from complex overtone 

and high frequency combinations at the shorter wavelengths. 

 

Although NIR intensities are 10-1000 times lower than for the MIR range, and the peaks concomitantly 

smaller, highly sensitive spectrometers can be built through several means including the use of efficient 

detectors and brighter light sources. This allows concentrated bulk or even aqueous materials to be scanned 

and analysed quickly and easily. 

 

Although spectral peaks in the MIR frequencies are often sharper and better resolved than in the NIR, all the 

higher overtones (1st through 6th) of the OH, NH, CH, and SH bands from the MIR wavelengths are still 

observed in the NIR region, although much more weakly than the fundamental frequencies in the MIR.  

 

This, in addition to the existence of combination bands (e.g. CO stretch and NH bend in protein), gives rise to 

a crowded NIR spectrum with strongly overlapping bands (Murray 1999; Osborne et al. 1993, McClure 

2003). A major disadvantage of this characteristic overlap and complexity in NIR spectra has been the 

difficulty of quantification and interpretation. On the other hand, the broad overlapping bands can diminish 

the need for using a large number of wavelengths in calibration and analysis routines. 
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In recent years, new instrumentation and computer algorithms have taken advantage of this complexity and 

have made the technique much more powerful and simple to use (McClure 2003). 

 

The NIR region of the electromagnetic spectrum, once regarded as having little potential for analytical 

application, has now become one of the most promising techniques in food science for both research and 

industry. The advent of inexpensive and powerful computers has contributed to the surge of NIR 

spectrophotometric applications. 

 

NIR spectroscopy conserves time and materials in comparison to many more conventional analytical methods 

because: 

1. analysis times under 1 second are possible; 

2. simultaneous multicomponent analysis is the norm; 

3. minimal to no sample preparation is usually required for liquids, solids, or gases; 

4. non-invasive and non-destructive analysis is possible; 

5. cost per analysis is very low (no reagents are used); 

6. physical, chemical and biological properties can be calculated from spectra of samples; 

7. automated correction of background and interferences can be performed in instruments using a computer 

algorithm; 

8. detection limits can be low; 

9. samples sizes ranging ―from picograms to planets‖ can be analysed; 

10. molecular structural information can be derived from spectra; and 

11. environmental impact is low as little or no sample pre-treatment is needed and no hazardous chemical 

required. 

 

Instrumentation for spectroscopy 

Instruments can be divided into two main groups of spectrometer technology — instruments working 

with a limited number of fixed frequencies (e.g. filter instruments, light-emitting diodes (LEDs)) and 

scanning instruments (McClure 2003; Workman 2004). 

 

Scanning instruments can be further divided into two groups according to their mode of operation — 

monochromators (grating, diodearray, acousto-optical tunable filter (AOTF)), and those working with 

Fourier transform techniques (Michelson or polarisation interferometers). 

 

The highest spectral resolution (<0.1 cm
-1

) can be obtained with Fourier transform Michelson 

interferometer instrumentation (Workman 2004). Extremely high scanning rates (>100 scans per second) 

can be achieved with AOTF and diode-array spectrophotometers, however, this speed comes usually at 

the expense of spectral resolution. Instrument specifications and application can differ in terms of 

wavelength scanning range (400 - 2500 nm, 400 – 1700 nm, 400 – 1100 nm or 1100 – 2500 nm), 

wavelength data point interval (number of absorption data points), noise, stability, and measurement time. 

Speed of data acquisition is for most of the scanning instruments in the range of a few seconds (Workman 

2004). 

 

Considerations when buying instruments would include the type of sample to be analysed, wavelength 

range needed, spectral resolution needed, the need for pre-calibrations, network requirements and most 

importantly after sales support. 
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Chemometrics – multivariate analysis 

Chemometrics or multivariate analysis, such as partial least-squares (PLS) regression analysis in 

particular, have revolutionised the ability of NIR and MIR to be used for quantitative analysis. 

Multivariate analysis (chemometrics) was developed in the late 1960s, and introduced by a number of 

research groups in chemistry, mainly in the analytical and physical organic chemistry fields due to (i) the 

introduction of instrumentation, giving multivariate responses for each sample analysed and (ii) the 

availability of computers (Wold 2001; Munck et al. 1998; Otto 1999; Brereton 2000). Chemometrics 

covers quite a broad range of methods such as exploratory data analysis, pattern recognition, and 

statistical experimental design (Siebert 2001). The most commonly used multivariate data analysis 

techniques such as PCA (principal component analysis) and PLS (partial least squares) can handle large 

data matrices. 

 

Chemometrics, unlike classical statistics, considers multiple variables simultaneously. It can take into 

account the variation in one variable, or a group of variables, in terms of co-variation with other variables. 

The analysis can mathematically describe the covariation (degree of association) between variables, or 

find a mathematical function (regression model), by which the values of the dependent variables are 

calculated from values of the measured (independent) variables (Arvanitoyanis et al. 1999; Brereton 

2000). 

 

However, before describing in detail the different multivariate analysis techniques, we need to clearly 

define some terms, specifically: sample, variable and data matrix. 

 

A measurement (e.g. concentration, peak height, integral, absorbance, particle count, etc.) at each of the 

predicting variables (e.g. constituent, wavelength, etc.) is made on each of the samples (objects) in the set. 

An observation arising from such a measurement is known as a response. 

 

The data are normally collected as a data matrix comprising of rows of samples, each having 

measurements (response) for each of many X-variables (columns) (e.g. wavelengths). It is important to 

remember that this data matrix in general has more variables (columns) than samples (rows). The Y-

variable is the dependent parameter to predict (e.g. chemical data) (Brereton 2000). 

 

Principal Component Analysis (PCA) 

 

Principal component analysis (PCA) is a data reduction technique that can be used as a tool for screening, 

extracting and compressing multivariate data. PCA employs a mathematical procedure that transforms a 

set of possibly correlated response variables into a new set of non-correlated variables, called principal 

components. PCA can be performed on either a data matrix or a correlation matrix depending on the type 

of variables being measured. 

 

However, in a case where the original variables are nearly non-correlated, nothing can be gained by using 

a PCA analysis. PCA produces linear combinations of variables that are useful descriptors or even 

predictors of some particular structure in the data (Wise and Gallagher, 1996; Brereton 2000). PCA is a 

very useful technique for investigating data for the existence of any patterns or regular structure. 

 

Discriminant analysis (DA) using partial least squares regression 

 

Discriminant analysis (DA) is a technique that can be useful when calibrating for group membership or 

simple classification and can be considered a qualitative method. Instead of calibrating for a continuous 

variable, one calibrates for group membership (categories). In the case of two groups (e.g. A and B) and 
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several measurements there is a fairly obvious way to use regression methods to perform a discriminant 

analysis. 

 

For example, create an artificial (dummy) Y-variable that has value 0 (zero) for each case in group A, and 

1 (one) for each in group B, and develop a regression equation between Y and the X-variable 

measurements. The resulting models are evaluated in terms of their predictive ability to predict the Y of 

new and unknown samples (standard error of prediction, SEP) (Naes et al. 2002; Cozzolino et al. 2003b). 

 

Quantitative analysis: modelling and calibration 

 

The modelling (regression) of one or several dependent Y-variables by means of a set of predictor 

responses (X-variables), is one of the most common applications of chemometrics in science and 

technology. This is known as calibration and is one of the most important tasks in quantitative analysis. 

The principal aim is to undertake regression analysis to develop a suitable mathematical model for 

descriptive or predictive purposes (Adams 1995).  

 

There are several different techniques commonly used to deal with highly correlated data and some 

examples are principal component regression (PCR) and partial least squares (PLS) regression. 

 

Linear and multiple linear regression 

A frequent occurrence in analytical chemistry is that some characteristic (Y) of a sample can be 

determined as a function of some other single quantity (X) and it is possible to determine a linear 

relationship or function between X and Y which may be expressed as y = ax + b. Linear regression is 

perhaps the simplest and most familiar of regression models. Multiple linear regression is an extension of 

linear regression in that the model will be seeking to define a mathematical relationship between Y and X, 

but in this case, more than a single X is used (Mark 1991; Naes et al. 2002). 

 

Partial Least Squares (PLS) regression 

Partial least squares (PLS) regression is a recently developed generalization of multiple linear regression 

(MLR). PLS regression is of particular interest because, unlike MLR, it can analyse data with strongly 

collinear (correlated), noisy and redundant variables (X variables) and also model several characteristics 

(Y values) at the same time (Wold et al. 2001). Note that the emphasis is on predicting the characteristics 

and not necessarily on trying to understand the underlying relationships between the variables. PLS is a 

data reduction technique in that it reduces the X-variables to a set of non-correlated factors that describe 

the variation in the data. 

 

However, if the number of factors used in the regression model is too large (greater than the number of 

samples) the models that fit the calibration samples perfectly might fail to predict new data (Naes et al. 

2002). This phenomenon is called overfitting and is discussed further below.  

 

Non-linearity in PLS prediction algorithms often results when there are significant spectral variations 

corresponding to low concentration sample spectra compared to those for high concentrations, or when 

there are non-linear sample matrix scattering/reflection characteristics. 

 

The prediction of grape anthocyanin concentration exhibits this phenomenon, whereby a ‗banana-shaped‘ 

regression curve between reference and predicted values is obtained. One solution to this curvature has 

been to develop specific partial least squares (PLS) calibrations for concentration segments, for example 

one PLS calibration for low colour and another PLS calibration for high colour, or to use a local PLS 

algorithm where only the samples most similar to  the unknown are used for calibration building and 

prediction. 
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Artificial neural networks (ANN) 

Application of artificial neural networks is a more recent technique for data and knowledge processing 

that is characterised by its analogy with a biological neuron (Otto 1999).  

 

When the firing frequency of a neuron is compared with that of a computer, then for a neuron this 

frequency is rather low (Otto 1999; Naes et al. 2002). In the biological neuron the input signal from the 

dendrites travels through the axons to the synapse. There the information is transformed and sent across 

the synapse to the dendrites of the next neuron (Otto 1999) forming part of a highly complex network. 

The multivariate techniques based on ANN simulates the biological neuron by multiplication of the input 

signal (X) with a weight (W) through a hidden layer of non-linear sigmoid functions to derive the output 

signal (Y) (Otto 1999; Brereton 2000). Unlike linear regression, PCR and PLS, ANN can deal with non-

linear relationships between variables. The performance of ANN is attributed to a high degree of 

interconnections (Otto 1999; Naes et al. 2002). 

 

An ANN patent developed by the team recognises that the use of a feed-forward back propagation 

artificial neural network (ANN) offers an improved chemometric method compared to PLS for dealing 

with predicting non-linear sample properties from spectra. This patent exploits the recognition that a 

particularly applicable technique of reducing computation resources and improving the robustness of the 

ANN calibration, is to use PLS scores as inputs. 

 

The advantage of this approach is that the ANN is simply weighting the input PLS scores with weighting 

terms through the sigmoid functions to account for the regression non-linearity. In practice, this requires 

that the PLS calibration model is used to first predict the scores of the calibration samples and unknowns 

for the optimum number of factors, and that these data are then entered as inputs to the ANN. 

 

The ANN training uses a validation set randomly selected for calibration training and then a separate 

‗test‘ set for independent validation. In practice, not all PLS scores are used in the ANN calibration since 

some of the PLS scores account for PLS non-linearity (International (PCT) application number 

PCT/AU2007/000349). 

 

Overfitting and underfitting 

 

When using any of the data modelling techniques presented above, it is important to select an optimum 

number of variables or components. If too many are used, there can be too much redundancy in the X-

variables and the model can become overfitted and will give poor prediction results. On the other hand, 

using too few components will cause underfitting and the model will not be large enough to capture the 

variability in the data. This ‗fitting‘ effect is strongly dependent on the number of samples used to 

develop the model, and in general, more samples give rise to more accurate predictions (Naes et al. 2002). 

 

Sample preparation and storage 

Near infrared (NIR) spectroscopy has become a widely used technology for quantitative and qualitative 

analysis in the chemical, pharmaceutical and agrofood industries, however, the NIR spectra of samples 

having high water content, such as grapes and wine, can be difficult to interpret as water generates strong 

absorption signals which can overlap and obscure features and cause nonlinear responses. 

 

To overcome this issue most of the NIR applications in agriculture have been developed using dry 

materials. Under industrial process conditions however, where the material is often analysed ‗as is‘ (e.g. 
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with high moisture content) and where the load of samples might be very large (e.g. > 500 per day), the 

use of wet material is often imperative in order to streamline analysis. 

 

Storage of samples before analysis is often necessary with such high throughput requirements, and with 

highly labile samples such as grapes, either freezing or frozen storage of the sample might be required 

before analysis (Cozzolino et al. 2005; Donald et al. 2006). Investigations have been conducted into 

physico-chemical compositional changes due to freezing and thawing, its effect and interferences on the 

NIR spectra and consequently on the prediction of new samples. 

 

Whilst, calibration is the key to successful use of the NIR technique and there are a number of essential 

steps required to develop a calibration including sample selection, acquisition of spectra and reference 

data, pretreatment of spectral data, derivation of the regression model and validation of the model. 

However, both the processing of the sample (e.g. grinding, drying) and presentation of the sample to the 

instrument are also important factors in the robustness and accuracy of NIR as an analytical technique. 

 

Sample storage and processing are common procedures in laboratory analysis for quality assessment, 

aiming to preserve the condition of samples before analysis by standard chemical and physical methods 

(Pomeranz and Meloan 1987). One objective of sample preparation for analysis is to convert the original 

sample to a stable and homogeneous form that will facilitate the taking of representative sub-samples 

(Bowman and Remmenga 1965; Kratochvil and Taylor 1981; Pomeranz and Meloan 1987). In general, as 

a result of storage and processing samples might suffer changes in their composition such as: loss of one 

of the constituents (e.g. water); contamination; chemical or physical reactions; or degradation of unstable 

components (e.g. pigments). 

 

If the sample is not appropriately prepared for analysis, the results will be inaccurate regardless of the 

effort or the precision of the instruments and techniques used in the analysis. It should also be kept in 

mind that the accuracy of any analysis depends on the quality of sampling (e.g. at the vineyard) 

(Cozzolino et al. 2005; Donald et al. 2006). 

 

The sampling methods might involve a greater degree of uncertainty and error than introduced by any of 

the analytical procedures including sample storage and preparation. Sampling errors tend to increase as 

heterogeneity and volume or quantity of sampled material increases, thus a strict control of the analytical 

process variables (e.g. type of homogeniser, storage, and sample preparation) is recommended.  

 

The possible influence of sample processing is well demonstrated by the example of red grape analysis. 

Homogenisation is the first step when red grapes are prepared to be analysed for total anthocyanins by 

either chemical or NIR spectroscopy methods (Dambergs et al. 2003a). 

 

To obtain accurate and reproducible results, this process must give a reproducible and homogeneous 

sample (Pomeranz and Meloan 1987). Due to the large range of homogenising equipment available, it 

was a legitimate concern that the results of quality parameters could be influenced by use of different 

types or brands of homogenisers. 

 

The effect of sample freezing on the recovery of total anthocyanins and other grape analytes is also an 

important factor to be considered in practice, as freezing is often required to avoid sample deterioration if 

many samples are awaiting analysis or if samples must be transported to the laboratory from a remote 

vineyard or crushing site (Cozzolino et al. 2005; Donald et al. 2006). 

 

Studies conducted by the AWRI have demonstrated the equivalence of three different homogenisers and 

the effects of short-term freezing and frozen storage on the determination of total anthocyanins and TSS 
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in red grapes (Cynkar et al. 2004). Neither the homogeniser type, nor the sample state (fresh or frozen) 

had significant effects on the determination of total anthocyanins and TSS by the laboratory methods. 

 

However, overnight freezing did affect total anthocyanins in samples of high concentration. The strongest 

effects of both homogeniser type and the state of the sample, were observed with pH measurement, 

however, these statistically significant differences might not be very important from the practical point of 

view. 

 

Phenolic extraction was also affected by the type of homogenisation, but not by short-term freezing, and 

longer than three months frozen storage affected all the measure quality parameters. That study brought to 

light evidence for the need and benefits of a strict, detailed laboratory protocol outlining the conditions of 

sample processing and storage for grape compositional analysis, and an industry guideline can be found 

here — Determination of total anthocyanins (colour) in red grape berries. 

 

A further study investigated the effect of sample processing of red grapes on their VIS-NIR spectra 

(Cozzolino et al. 2005). The type of homogenizer and overnight freezing of red grapes had some effect on 

their VIS-NIR spectra, but did not influence the performance of the resulting calibrations for total 

anthocyanins, TSS and pH. The results showed that homogeniser type caused small differences in the 

spectra, and the greatest effect was observed in samples stored frozen for longer than one month. The 

accuracy for the measurement of total anthocyanins using VIS-NIR in all samples increased by overnight 

freezing when compared with calibrations developed on fresh samples. However, a long frozen storage 

period (greater than one month) had a large effect on the VISNIR calibration statistics. 

 

These results suggest that it might be possible to use VIS-NIR calibrations developed on fresh or short-

term frozen samples alone to measure the concentration of total anthocyanins, TSS and pH in either fresh 

or short-term frozen samples after appropriate slope and bias correction (Cozzolino et al. 2005). 

 

Applications 

Since 1997, the AWRI has developed several practical applications for the Australian wine sector. Some of 

them have been applied by producers; others are in the process of uptake, whilst others require further 

development. The following section illustrates some of the developments. 

 

The use of NIR spectroscopy for quantification of methanol in spirits 

 

In the production of fortified wines, Australian legislation demands the use of only grape-derived ethanol 

wine fortifying spirit, known as SVR (from the Latin spiritus vini rectificatissimus). It commonly contains 

around 96% v/v ethanol and low concentrations of other volatile compounds, with methanol being one of the 

most undesirable contaminants in SVR. 

 

In the commercial production of SVR, the distillation process must be carefully monitored to minimise 

methanol carry over in the ethanol fractions, particularly when distilling material with high methanol 

concentration. Most large commercial spirit production facilities use continuous distillation equipment that 

requires careful adjustment to achieve a steady state producing spirit of the required low methanol content. 

Rapid analysis of the spirit composition is therefore required to expedite distillation process monitoring. 

 

The AWRI has studied the feasibility of NIR spectroscopy for the simultaneous measurement of total alcohol 

in addition to methanol in wine fortifying spirit. The results (Dambergs et al. 2002) showed that rapid analysis 

of wine fortifying spirits for the determination of both methanol and total alcohol content can be performed by 
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NIR spectroscopy with a degree of accuracy that is sufficient to allow process control in a commercial 

distillation operation.  

 

Using this methodology, analysis time can be reduced from hours to minutes, with minimal operator training. 

 

The use of visible and NIR spectroscopy to measure grape quality composition — colour, total soluble 

solids and pH of red grapes 

 

Undoubtedly the main application taken up by the Australian wine sector is the application of visible (VIS) 

and NIR spectroscopy to measure total anthocyanins, total soluble solids and pH in red grapes. The Australian 

wine sector has a clear need for rapid methods for measuring grape composition in order to determine 

optimum harvest dates, to identify areas in the vineyard with similar composition, and for the assessment of 

grape quality for appropriate payment. Because the measurement of red grape colour has shown great promise 

as an indicator of red wine quality, the investigation of this application has been the primary focus of efforts 

to furthering the development of a calibration for the rapid prediction by near infrared spectroscopy of red 

grape colour. Some of the key findings are outlined below. 

 

During the early 1990s, the AWRI researchers working in projects on grape flavour were already aware of the 

use of NIR in other agricultural industries, and of published research material on correlation of NIR with 

sensory attributes and analysis of glycosides. Through these projects and others conducted at the University of 

Adelaide (Francis et al. 1999) there had been strong interest in using the berry colour as a means of assessing 

grape quality. However, the method of colour analysis was quite laborious and time consuming and was 

therefore an ideal candidate for replacement by a rapid technique such as NIR. Through collaborations with 

several project teams within the AWRI and also with a large wine producer, some preliminary experiments 

were conducted and showed promise in several applications (Gishen and Dambergs 1998; Gishen et al. 2002). 

 

It was considered that the technique might be applicable to the determination of methanol in grape spirit, as 

well as the determinations of the pH, sugar, nitrogen, total anthocyanin (colour) and glycosyl-glucose (a 

possible indicator of flavour) content of grapes. 

 

An initial project was developed with funding from the Grape and Wine Research and Development 

Corporation (GWRDC) in collaboration with Dr Bob Dambergs, then Technical Services Manager with the 

BRL Hardy Wine Company, a major wine producer in Australia. Throughout the following years, the 

collaboration was extended to include several other larger wine producers and became established as a 

significant part of the research effort by the AWRI research team.  

 

In evaluating the calibrations developed over several years, it was observed that the calibrations for some 

constituents did not always predict well across seasons, and best accuracy was achieved with a calibration 

produced from one season‘s samples alone, and a similar situation exists with variety and region variables. In 

other words, a calibration can be developed that will give acceptable results for samples from other regions or 

from different varieties, but best accuracy was obtained from specific data sets (Esler et al. 2002; Dambergs et 

al. 2003b). 

 

The calibrations for colour and pH prediction appeared to be subject to significant matrix effects caused by 

season, region and variety, leading to non-linearity in correlations of NIR spectroscopy prediction against the 

reference method. It appeared possible to ameliorate to some extent these non-linearity effects by the 

application of a local calibration algorithm based on spectral matching of calibration sets to unknown samples 

(Dambergs et al. 2006) (see Figure 2). 
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Figure 2: Non-linearity and its effect on NIR calibration for total anthocyanins in red grape homogenates. 

 

With calibrations for total anthocyanins in red grapes, it was observed that for large data sets incorporating 

many vintages, regions and grape varieties, PLS calibrations showed pronounced non-linearity. The SEP 

values reported for total anthocyanins vary from 0.05 to 0.18 mg g-1, and increase with diverse sample sets in 

comparison to sample sets restricted on the basis of growing region and/or variety (Esler et al. 2002; 

Dambergs et al. 2003b). These results may be related to non-linearities observed in the calibrations produced 

with the diverse sets. The prediction accuracy using calibrations derived from restricted sample sets 

approached that of the reference methods for total anthocyanins and pH. 

 

An alternative strategy to mitigate the effects of non-linearity on the NIR calibrations for total anthocyanins is 

to use LOCAL regression. The same studies demonstrated that TSS calibrations were not significantly 

affected by the sample matrix. 

 

In the interest of further accelerating the transfer of this technique to industry it was decided to conduct some 

practical implementation trials in order to test several relatively cheap diode array instruments with several 

wineries. These trials highlighted significant challenges with the ruggedness of instruments used, the 

standardisation of the instruments, the means of transfer of calibrations from the research laboratory to the 

practical laboratory, as well as the robustness of calibrations and prediction routines. 

 

Notwithstanding these considerable challenges, the technology has many benefits to offer to this application. 

Most of the work described so far has involved scanning of homogenates of red grapes. In analysing large 

numbers of samples, hundreds per day as might occur at a commercial harvest receival weighbridge, the 

homogenisation step becomes the limitation to throughput in the laboratory. Therefore, the project 

investigated the possibility of predicting directly on whole intact grapes.  

 

The evaluation of instruments that can rapidly scan whole intact grape berries indicated that the technique was 

feasible but with the cost of lower accuracy. Simplifying the sample presentation (e.g. using whole grapes 

instead of homogenates) could dramatically increase sample throughput in the winery (Picture 4). 
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Picture 2: Sampling and analysis of whole grapes in a Petri dish (Hardy Wine Company). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Scanning of individual berries is also a possibility, however high coefficients of variation (40%) in the VIS-

NIR spectra were observed when samples were rotated or scanned in different positions relative to the 

spectrophotometer. This variation within the same berry might be due to variations in chemical composition, 

related to physiology of grape development and to different degrees of sun exposure.  

 

Investigations of whole grape berry presentation using a diode array spectrophotometer indicated that NIR 

may have potential for use at the weighbridge or for in-field analysis of total anthocyanins, TSS and pH.  

 

The major challenges on the measurement of whole grapes are related to sample presentation, instrument 

availability and cost, and with the desirable accuracy for the prediction of chemical composition that might be 

achieved. Figure 3 shows the VIS and NIR average spectra of a single berry, whole grape bunch and 

homogenates of grapes. Differences in the spectra were observed around the O-H absorption bands (980 nm, 

1400 nm and 1900 nm) as well as in the VIS region (pigments) (Cozzolino et al. 2004). 

 

The use of NIR spectroscopy has now been put into practice by several large Australian wine companies for 

the determination of the concentration of total anthocyanins (colour) in red grapes for payment purposes. 

Further work is continuing to evaluate the effectiveness of other mathematical regression techniques (e.g. 

artificial neural networks) for the same purpose. 

 

Fungal diseases in grapes 

 

In measuring grape quality, there is also a need for objective measures of negative quality parameters such as 

the degree of mould contamination, particularly with mechanically harvested grapes, where visual assessment 

can be difficult. Assessment of grapes for fungal infection at the weighbridge would normally be done by 

visual inspection, but this can be difficult with mechanically harvested fruit. 
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Figure 3: Typical Vis-NIR spectra of red grapes in various conditions of presentation for scanning (whole 

grape bunch, homogenate and single berry). 

 

 

In this context the use of Vis-NIR spectroscopy was reported for the detection of powdery mildew (Erysiphe 

necator) in wine grapes. Samples of Chardonnay grapes with varying degrees of powdery mildew infection 

(classified visually) were homogenised then scanned in reflectance mode over a 400-2500 nm wavelength 

range. The homogenates were also analysed for powdery mildew DNA content. Powdery mildew DNA 

content correlated with the visual infection classification and strong spectral correlations with infection level 

were also observed, including spectral changes not related to pH and TSS differences. 

 

There were no systematic intercorrelations of infection level with pH and TSS, precluding the possibility that 

the infection level calibrations could be based on these parameters. The spectral data were reduced by 

principal component analysis (PCA) and the first four PCA scores were used with a quadratic discriminant 

analysis algorithm to classify infection level. A 100% classification rate was achieved in calibration mode and 

a 92% classification rate was achieved using cross-validation.  

 

The PLS regression was used to predict the powdery mildew DNA content using the spectral data where the 

degree of accuracy was sufficient to clearly discriminate the lowest infection level (1- 10%) from the 

uninfected samples. Only two PLS factors were used, indicating the strength of the spectral correlations, but it 

must be noted that this was a small data set (n= 25) and this work must be confirmed with larger, more 

diverse sample sets. The implication of this work is that it might be possible to discriminate infected fruit at 

the weighbridge to provide a ‗go/no-go‘ test to highlight suspect fruit for further detailed analysis to 

determine suitability for winemaking (Dambergs et al. 2005). 
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Monitoring wine fermentation 

 

Wine fermentation is a complex process in which grape juice or must is transformed by microbial action into 

a high value product. The modern wine industry needs both fast and reliable process quality control methods 

and techniques in real time in order to assure the quality of the final product to the consumer. 

 

Control of the wine fermentation process is a very important step during wine production and substrate and 

product monitoring must be timely and accurate (Cozzolino et al. 2003b and 2006b). 

 

Research has been conducted in order to investigate the monitoring of red wine fermentation by VIS-NIR on 

an industrial scale. These studies revealed the potential of VIS-NIR spectroscopy to predict the concentration 

of and monitor the extraction and evolution of phenolic compounds during red wine fermentation (Cozzolino 

et al. 2006b).  

 

Results showed that VIS-NIR spectroscopy could reasonably well predict the concentration of malvidin-3-

glucoside, pigmented polymers, and tannins in Cabernet Sauvignon and Shiraz wines during fermentation.  

 

The first three principal components (PCs) explain more than the 98% of the variance related to the VIS and 

NIR spectra. Figure 4 shows the time course changes in the PC scores (PC1 and PC2) of samples taken 

throughout wine fermentation obtained from Cabernet Sauvignon ferments. Similar patterns were observed in 

all fermentation experiments over the three vintages, although different grape varieties were used. 

 

 
Figure 4: Principal component score plot of time course fermentation (Cabernet Sauvignon). 

 

Changes to both colour (total anthocyanins) and polyphenol compounds were observed on the first two PCs. 

The highest loading on the first PC, which explained more than 80 % of the variation, was observed around 

540 nm (data not shown). This spectral region is dominated by colour pigments, principally grape derived 

pigments (anthocyanins) characteristic for red wines and is an indication of the transformations that occur 

during the first stages of fermentation of wine grapes (Cozzolino et al. 2003b and 2006b). 

 

No other regions were observed to have a big effect on PC 1. PC 2 explains 15% of the variation and the 

loadings plot showed a high and inverse correlation with the VIS region around 540 nm, particularly in the 

Shiraz samples, and high positive correlation with the region around 2200–2300 nm. Therefore, it can be 

suggested that PC 2 explains the conversion of sugars into alcohol, as denoted by high loadings at 

wavelengths around 1800 nm (O-H and C-H tones), and at wavelengths around 2200–2300 nm related with 

ethanol (Dambergs et al. 2002; Cozzolino et al. 2006b). PC 3 explains only 3% of the total variance in the 



 

Updated June 2009  

 

spectra (not shown in Figure 4). The highest loadings relating to PC 3 were observed at wavelengths around 

2200–2300 nm, associated with ethanol; tannins and pigmented tannins (PP). The implications of this study 

were that the wine industry might be able to use rapid spectroscopic methods to monitor wine fermentation. 

 

Wine quality grading 

 

The ability to accurately assess wine quality is an important part of the winemaking process, particularly 

when allocating batches of wines to styles determined by consumer requirements.  Grape pricing is often 

determined by the quality category of the resulting wine – so called ‗end use‘ payment. 

 

Wine quality, in terms of sensory characteristics, is normally a subjective measure, performed by experienced 

winemakers, wine competition judges or wine tasting panellists. By nature, such assessments can be biased by 

individual preferences and may be subject to day-to-day variation. An objective quality grading method 

would therefore be of great assistance in the wine sector. Flavour compounds are often present in 

concentrations below the detection limit of NIR spectroscopy but the more abundant organic compounds in 

the wine matrix offer potential for objective quality grading by this technique.  

 

It has been demonstrated that wine quality rankings (as the score or allocation assigned to wines by sensory 

panels) for red and fortified wines could be discriminated by VIS-NIR spectroscopy (Dambergs et al. 2001). 

The commercial samples were all from one major producer, from one growing area and were graded 

immediately ex-vintage, with minimal oak treatment. 

 

It has been verified that VIS-NIR spectroscopy can predict wine quality as judged by both commercial wine 

quality rankings and wine show scores (Dambergs et al. 2001). Correlations between NIR spectra and sensory 

data obtained using wine show samples were less significant in general, in comparison with the commercial 

grading data (Dambergs et al. 2001). 

 

The R
2
 and SECV obtained using a small set of samples (n= 20) to predict Tawny port wine show score were 

0.84 and 0.97, respectively. For dry red wines, the best calibrations were obtained with a class of Pinot Noir 

— a variety that tends to be produced in limited areas in Australia and would represent the least matrix 

variation. Similar to the winemakers‘ commercial quality allocation study, the highest loadings were observed 

predominantly in the VIS region around 520 nm (wine pigments). 

 

With regard to white wines, VIS-NIR spectra have been shown (Cozzolino et al. 2006a) to have good 

correlation with sensory properties (R > 0.70) for estery, honey, toasty, caramel, perfumed floral and lemon, 

while poor correlations (R < about 0.55) were found in most of the cases for passion-fruit, sweetness and 

overall flavour, respectively. This study used commercially available bottles of Australian Riesling and 

unwooded Chardonnay that were assessed by a trained sensory panel. However, only a limited number of 

wines were used (n= 40), and therefore, caution must be considered in extending the applicability of the 

technique until further validation work is completed (Cozzolino et al. 2003a). 

 

Grading of wine by VIS-NIR spectroscopy could provide a rapid assessment or pre-screening tool to add to 

the range of analyses available to winemakers. It could allow preliminary blend allocation of large numbers of 

batches of wines prior to sensory assessment. Winemakers may be able to develop ‗profiles‘ for their blends 

as in-house VISNIR calibrations. Calibrations based on sensory scores will tend to be difficult to obtain due 

to variation between individual wine tasters and may not pick up compounds that are present at low 

concentrations, yet have strong sensory properties. 

 



 

Updated June 2009  

 

Nevertheless, interpretation of spectral data might provide valuable insight into the more abundant parameters 

affecting wine quality and highlight the interactions that occur within the complex wine matrix in influencing 

sensory properties.  

 

Product authenticity 

 

Verification of authenticity of food in general, and wine in particular, is another potential application of NIR 

spectroscopy. Adulteration can take many forms, including the addition of sugars, acids, volatile oils, over-

dilution of concentrate, addition of juices of other fruits, use of concentrate in a ‗fresh‘ product and use of low 

quality product recovered from what are normally waste products of manufacture (Arhurst and Dennis 1996). 

 

Food adulteration has been practiced since ancient times but has become more sophisticated in the recent past. 

Foods or ingredients most likely to be targets for adulteration include those which are of high-value, or are 

subject to the vagaries of weather during their growth or harvesting. 

 

The practice of adulteration commonly arises for two main reasons: firstly it can be profitable, and secondly 

adulterants can be easily mixed and are subsequently difficult to detect (Arhurst and Dennis 1996). To counter 

this problem manufacturers subject their raw material and by-products to a series of quality controls which 

includes high performance liquid chromatography (HPLC), thin layer chromatography (TLC), enzymatic tests 

and physical tests, to establish their authenticity and hence guarantee the quality of the products manufactured 

for the consumers (Cordella et al. 2002; Downey 1996 and 1998). 

 

Although there are numerous reports on the use of NIR spectroscopy to authenticate foods, not many 

published works were found in the literature on the use of NIR spectroscopy to authenticate grape or wine 

samples. The ability of VIS-NIR to discriminate two Australian white wine varieties, namely Riesling and 

unwooded Chardonnay, was demonstrated with accuracy of up to 95% (Figure 5) (Cozzolino et al. 2003a). 

 

 
Figure 5: Principal component score plot for the discrimination of Riesling and Chardonnay wine samples. 
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In another study, VIS-NIR spectroscopy combined with multivariate analysis was used to classify the 

geographical origin of commercial Tempranillo wines from Australia and Spain using partial least square 

discriminant analysis (PLS-DA) and linear discriminant analysis (LDA) based on PCA scores. PLS-DA 

models correctly classified 100% and 84.7% of the Australian and Spanish Tempranillo wine samples, 

respectively. Additionally, LDA calibration models correctly classified 72% of the Australian wines and 85% 

of the Spanish wines (Liu et al. 2006). 

 

Spectroscopic techniques could provide a similar degree of reliability on wine classification comparable with 

that obtained using chemical composition, but without the need for compositional results from the traditional 

highcost and time-consuming analysis procedures. However, some factors limit the precision of the VIS-NIR 

classification models, such as the number of samples used to build the calibration models and the similarities 

between some wines due to climate and soil characteristics, among others (Liu et al 2006). Therefore, before 

these methods can be used by the wine sector with confidence, more samples are needed to improve the 

precision of the classification models developed. 

 

Yeast identification 

 

Yeast identification is an important issue in process-scale (industrial) fermentations, where contamination 

with wild strains might introduce undesirable traits. In the last few years, both microbial and plant metabolite 

analysis has shifted from specific assays toward broad spectrum methods offering both high accuracy and 

sensitivity in highly complex mixtures of compounds. 

 

The potential of NIR spectroscopy as a rapid screening technique in order to discriminate different yeast 

strains with particular metabolic profiles was investigated (Cozzolino et al. 2007). Standard fermentation 

supernatants of different Saccharomyces cerevisiae deletion strains were scanned in the VIS-NIR range (400 

to 2500 nm) in transmittance mode with a 1 mm path length. Multivariate classification models were 

developed using the spectra of the yeast strains. PCA models for each yeast deletion strain were prepared and 

used to develop the SIMCA (Soft Independent Modelling of Class Analogies) classification models. The 

models showed that the deletion strains were correctly classified as different from the wild-type laboratory 

strain. This demonstrated the potential of combining NIR spectroscopy and multivariate techniques to enable 

the rapid selection of yeast strains with specific abilities from a large population and classify samples that 

have similar characteristics. The combination of different analytical techniques with multivariate methods 

could be used as a tool for fingerprinting of yeast strains on a large-scale. 

 

Future directions 

Since the 1970s an increasing number of spectroscopic (e.g. UV, VIS, NIR, MIR) applications have been 

investigated and used in viticultural and oenological studies. However, the use of VIS and NIR spectroscopy 

in the wine industry is still in its infancy. From analysis of the published information available, it is apparent 

that VIS-NIR spectroscopy can have potential for application at several steps during wine production. 

 

With present available technology it is possible to analyse grapes by VIS and NIR for total anthocyanins 

(colour), sugar (TSS), pH, G-G and titratable acidity, with acceptable accuracy at least for the purposes of 

routine analysis. Wine fermentation can be monitored by VIS-NIR, possibly even on- or at-line with 

attenuated total reflectance (ATR) cells. Variety of wine or geographical origin can be discriminated using 

NIR, and so too can different yeast strains. Wine is analysed routinely for alcohol content using NIR 

instruments, and new applications are emerging, with prediction of sensory properties and varietal 

authenticity being just two examples. 
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Undoubtedly NIR spectroscopy has become a relevant technique for the Australian grape and wine sector that 

will provide a cheap and rapid method of analysis. Further, the technology offers the exciting prospect of 

potentially providing for the development of small scale, inexpensive, portable handheld instruments, which 

would be of great benefit to the whole supply chain of the industry. Grape growers and winemakers could 

benefit if the compositional quality of grapes could be rapidly and non-destructively assessed using 

spectroscopy at the weighbridge or even whilst still on the vine. As the technology of spectroscopic 

instrumentation and chemometrics advances further, the resulting spinoffs might further assist the Australian 

wine sector in its quest to define and objectively measure grape and wine quality, and to assure consumers of 

the quality of the final product to be enjoyed.  
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