
 
The Canadian Society for 
Bioengineering  
The Canadian society for engineering in agricultural, 
food, environmental, and biological systems. 

 

 
La Société Canadienne de Génie 
Agroalimentaire et de Bioingénierie 
La société canadienne de génie agroalimentaire, de la 
bioingénierie et de l’environnement  

 
Paper No. 08-197 

Non-destructive measurement of tomato quality using visible and 
near-infrared reflectancece spectroscopy 

 
Utilisation de la réflectance visible et proche infrarouge comme 

moyen non destructif pour mesurer la qualité de la tomate 
 

Limei Chen1, G.S. Vijaya Raghavan1, Denis Charlebois2,  
Marie Thérèse Charles2, Clément Vigneault1,2 

 
1Department of Bioresource Engineering, McGill University 

Sainte-Anne-de-Bellevue, QC H9X 3V9 
 

2Horticultural Research and Development Centre, Agriculture and Agri-Food 
Canada 

Saint-Jean-sur-Richelieu, QC J3B 3E6 
 

Written for presentation at the 
CSBE/SCGAB  2008 Annual Conference 

Vancouver, British Columbia 
July 13 - 16, 2008 

 

Abstract: Non-destructive models employing visible/near infrared (VIS/NIR) reflectance 
spectroscopy were developed to predicting characteristics of two varieties of tomato 
(Lycopersicon esculentum Mill cv. 'DRK 453' and 'Trust'). Tomato properties including colour, 
firmness and lycopene content were also measured by conventional methods. Partial least 
squares (PLS) regression analysis was performed on the spectral data to build prediction 
models. Various spectral windows within the 400-2350 nm spectral range and preprocessing 
methods including multiple scatter correction (MSC) and Savitzky-Golay first derivative were 
assessed in optimizing the model for each parameter. R2 values of 0.99, 0.99, 0.97, and 
0.96, and root mean square errors of prediction (RMSEP) of 0.06, 1.52, 1.44 N, and 2.15 mg 
kg-1 for individual prediction models of color values a*/b*, tomato colour index (TCI), 
firmness, and lycopene content, respectively. Furthermore, a model built by the PLS2 
method showed excellent performance in simultaneously predicting colour, firmness and 
lycopene content of tomato. The R2 values of the PLS2 model for a*/b*, TCI, firmness and 
lycopene content were 0.99, 0.99, 0.97, and 0.92, respectively, while its RMSEP values were 
0.06, 1.75, 1.44 N, and 3.03 mg kg-1. 
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1. INTRODUCTION 
Tomato (Lycopersicon esculentum) is one of the most widely produced fruits in the 
world. In 2006, world production of tomato was 125 Tg (FAOSTAT), most of which 
was processed into products such as ketchup, tomato sauce and tomato juice, though 
a significant volume was sold fresh. Tomatoes are favoured by many people because 
they are low in fat, calories and cholesterol-free. Additionally, the tomato is rich in 
vitamins A and C, lycopene, β-carotene (Mangels et al., 1993) and other antioxidants 
(Davies and Hobson, 1981). Softening takes place during storage and ripening of 
tomato and neither unripe nor overripe fruits are desirable. 
Skin colour and firmness are the two most important attributes of tomato for customer 
evaluation (Tijskens and Evelo, 1994). Colour evolves during fruit ripening from green 
to red and is mainly related to the breakdown of chlorophyll and synthesis of lycopene 
(Hobson and Davies, 1971). Tomato maturity is traditionally classified into six stages 
based on external colour changes of the fruit: mature-green, breaker, turning, pink, 
light-red and red-ripe (Gould, 1992). In the CIELAB L*, a*, b* color space, an increase 
in a* corresponds to a change from green to red, a more positive b* value represents 
increasing yellowness and L* represents lightness of the colour. Tomato colour index 
(TCI) relates these three parameters in a single-value criterion (Richardson and 
Hobson, 1987). Although a* is suitable to assess red colour development, colour 
changes in tomato are usually recorded as a*/b* ratio (Tijskens and Evelo, 1994) since 
it was proved to be a better index than a* alone or the TCI in distinguishing varieties 
(Gómez et al., 2001). 
Lycopene, the major carotenoid of ripe tomato fruit, has been found to be largely 
responsible for its beneficial health effects (Gerster, 1997). Lycopene acts as a potent 
antioxidant to protect cells against oxidative damages and thereby decreasing the risk 
of chronic diseases (Rao and Agarwal, 1999). In addition, many studies have 
indicated that lycopene may have a protective and preventive effect against many 
types of cancer, such as prostate, breast, cervical and liver cancer (Gerster, 1997; 
Clinton, 1998; De Stefani et al., 2000), and coronary heart disease (Manson et al., 
1993). Beyond its organoleptic role, lycopene could also be seen as a nutraceutical 
component of tomato. Therefore its concentration in tomatoes could be used in the 
evaluation and sorting processes. Conventional quantification methods for lycopene 
are usually laborious, require destructive sampling and employ hazardous organic 
solvents (Adsule and Dan 1979; Fish et al., 2002). Consequently it would be 
advantageous to develop a non-destructive method to assess the lycopene content of 
tomatoes, as well as their colour and firmness. 
Since its introduction in the early 1970s, the use of near-infrared (NIR) spectroscopy 
as a non-destructive analytical technique has progressed rapidly in a number of fields. 
Its rapid adoption owes much to its distinct advantages: quick response time, 
simplicity of sample preparation, chemical-free measurement, and simultaneous 
measurement of multiple attributes. Food chemistry has greatly benefited from these 
developments which allow the determination of a series of properties, such as soluble 
solid content (SSC), acidity and dry matter, in different food matrixes. 
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Several studies have investigated the applications of NIR spectroscopy to the 
evaluation of tomato fruit and product quality. Hong and Tsou (1998) reported using 
multiple linear regression (MLR) to develop calibration models to predict total soluble 
solids (TSS), titratable acidity (TA) and colour value a/b ratio of tomato with standard 
error of prediction (SEP) of 0.34, 0.06, 0.09 and R2 of 0.96, 0.94, 0.98, respectively. 
Pedro and Ferreira (2005) developed partial least squares (PLS) calibration models 
which performed very well in determining total solids, SSC, lycopene and β-carotene 
of tomato concentrate products. Later in 2007, they reported a good model to 
simultaneously predict four further properties: total solids, total sugars, glucose and 
fructose content. Shao et al. (2007) evaluated the application of NIR in measuring the 
quality characteristics of tomato “Heatwave”, including SSC, pH and firmness and 
achieved satisfying results. However, most of the studies on fresh tomatoes were 
focused on SSC or acidity, whereas research about prediction of lycopene content by 
NIR spectroscopy was lacking. 
The objectives of this study were to study the feasibility of determining the quality 
attributes of intact tomato fruits based upon VIS/NIR reflectance spectroscopy and to 
establish calibration models for predicting physico-chemical properties of tomato, 
including colour, firmness and lycopene content. 

2. MATERIALS AND METHODS 
2.1 Sample preparation 
Tomato fruits (L. esculentum Mill.) of two varieties (cv. 'DRK 453' and cv. 'Trust') were 
harvested from a commercial greenhouse located in Saint-Damase, QC, Canada. The 
experiment was repeated three times. On each occasion 30 mature green tomatoes 
(15 'DRK 453' and 15 'Trust') were stored and allowed to ripen at 16ºC and 90-93% 
RH. Six tomato fruits (3 from each variety) were subjected to spectroscopic 
measurements and reference physico-chemical analyses at 1, 5, 8, 12 and 16 days of 
ripening (DOR), allowing most tomato maturity stages to be sampled. 

2.2 Acquisition of spectra  
All spectral measurements were performed using spectroradiometer (FieldSpec® Pro 
FSP 350-2500P, Analytical Spectral Devices Inc., Boulder, CO) coupled with a contact 
probe (Analytical Spectral Devices Inc., Boulder, CO). For each fruit, reflectance 
spectra (350-2500 nm) were taken at six (1 and 5 DOR) or four (8, 12, and 16 DOR) 
equidistant positions around the equator. For each reflectance spectrum, 10 scans 
were averaged at any given time/position, for a total of 60 or 40 scans per fruit per 
sampling, Reflectance, R, was calculated as the ratio of the near infrared energy 
reflected from the sample surface to a standard reference (Spectralon disk). The 
signals were preprocessed with ViewSpec Pro V2.14 (Analytical Spectral Devices Inc., 
Boulder, CO). 

2.3 Reference physico-chemical analyses 
After the spectral measurements, each fruit was subjected to colour and firmness 
measurements at the same positions around the equator. 

(a) Colour 
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Based on the Commission Internationale de l’Éclairage (CIE), the colour of tomatoes 
was determined in terms of the colour values L*, a* and b*, using a Minolta 
chromameter CR-400 (Minolta Co., Osaka, Japan). The three colour values were used 
to calculate the TCI according to the equation 1. 

 0.522 )*b  *(a*L
*a2000  TCI

+
=  (1) 

(b) Firmness 
A universal testing machine (Lloyd Instrument, LRX, Fareham, UK) equipped with a 
100 N load cell and fitted with a standard 11 mm diameter hemispherical-tip probe 
driven downwards at a speed of 25 mm min-1 to a depth of 5.5 mm was used in 
firmness testing. The firmness was expressed as the peak force and recorded in N. 

(c) Lycopene content 
After the firmness measurements, each fruit was homogenized with a Waring blender 
for 1 min at maximum speed and the resultant slurry filtered through two layers of 
cotton cloth. The tomato juice extract was used for lycopene content analysis. 
Lycopene content was determined according to the reduced volumes of organic 
solvents method of Fish et al. (2002). Absorbance of the hexane upper phase was 
measured at 503 nm against a pure hexane blank, using a spectrophotometer 
(Biochrome, Ultrospec 3100 Pro, UK). The lycopene content of each tomato was 
estimated from an average of two aliquots of the same homogenate using equation 2:  

(g) used sample ofWeight 
31.2) * (A503   )kg(mg Lycopene 1- =                       (2) 

2.4 Data analysis 
Tomato samples were split into two sets. For the first and second batches of tomato 
fruits, 60 samples, were used for calibration and the third batch which had 24 tomato 
fruits was set as an external validation set. Data analysis was carried out using “The 
Unscrambler v9.7” (CAMO Inc., Woodbridge, NJ), a statistical software package for 
multivariate calibration. 
All fruit reflectance measurements were transformed to absorbance (log (1/R)) values 
to obtain linear correlations of the NIR values with physico-chemical parameters 
measured by reference methods (e.g., a*/b* ratio, TCI, firmness, and lycopene 
content. Given that noise was clearly present at the extremities of all reflectance 
spectra, and would affect the accuracy of calibration, only spectral data in the range of 
400 nm to 2350 nm were taken into consideration. 
To improve calibration results (McGlone et al., 2002a, 2002b, 2003) several spectral 
windows were tested from exclusively visible to exclusively NIR wavelengths, 
including various VIS/NIR combinations to assess various attributes. The best 
wavelength ranges were selected based on the root mean square error of prediction 
(RMSEP) of models. 
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The data obtained from the NIR spectroradiometer contained irrelevant information 
other than sample information, such as scattering effects and instrumental noise. 
Prep-processing was used to diminish such irrelevant information and obtain reliable 
and accurate calibration models. To test the influence of this pre-processing on the 
quality of calibration models, two types of methods, multiple scatter correction (MSC) 
and Savitzky-Golay first derivative, were used on the best wavelength range selected 
for each parameter. 
A PLS regression method was used to build the calibration models. In general, 
principal component regression (PCR) and PLS are the methods most often chosen 
for NIR spectral analysis. PLS is a two-step method whereby the original independent 
information (x-variable) is projected onto a small number of latent variables (LV) to 
simplify the relationship between x and y for predicting with the smallest number of 
LVs (Naes, et al., 2004). 
Full cross validation was performed on the calibration samples to determine the 
optimal number of PCs and also to validate the models. With this method, one sample 
is left out from the calibration data set and the model is calibrated with the remaining 
data points. Then the value for the left-out sample is predicted and the prediction 
residual is computed. The process is repeated until every observation have been left 
out of the calibration set once; then all prediction residuals are combined to calculate 
the root mean square error of cross validation (RMSECV). 
Choosing the best models should be based on a number of parameters, including 
RMSECV, root mean square error of calibration (RMSEC), the difference between 
RMSECV and RMSEC, the correlation coefficient (r) of validation, and the number of 
PCs. A good model should have a low RMSEC, a low RMSECV or RMSEP, a high 
correlation coefficient but also a small difference between RMSEC and RMSEP. A 
large difference indicates that too many PCs are used in the model and noise is 
modeled (Lammertyn et al., 1998). Moreover, a relatively low number of PCs is 
generally desirable. 
The SDR, standard deviation ratio defined as the deviation ratio of the response 
variable to the RMSEP (McGlone and Kawano 1998) was used as a parameter to 
evaluate the quality of models. An SDR value between 2.5 and 3 or above 
corresponds to good and excellent prediction accuracies, respectively. 
By means of full cross validation, the validation samples originate from the same 
sample set as calibration, so spectral variability is included. It is necessary to validate 
models with an independent set of samples. After the optimal calibration model for 
each parameter was selected, it was applied to the external validation set. The 
prediction results, such as R2, RMSEP and SDR, were calculated to assess the 
accuracy of the model. 

3. RESULTS AND DISCUSSION 
3.1 Quality characteristics of tomato 
The summary of the statistical results of all quality attributes of the calibration and 
validation sample sets are listed in Table 1. The range of the colour value a*/b* ratio, 
TCI, firmness and lycopene content of the calibration set, measured by the reference 
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methods were -0.36 to 1.47, -13.92 to 45.37, 7.65 to 34.33, and 0 to 41.15, 
respectively. These values cover well the attributes of both varieties of tomato 
throughout the entire maturity period.  

3.2 Prediction of colour value a*/b* ratio 
The lowest value of RMSECVs for a*/b* ratio prediction by PLS regression models 
was obtained for a visible range window of 450-600 nm (window B; Figure 1a). 
Windows within the visible range were distinctly superior to the full range window or a 
combined VIS/NIR range (window C and D; Figure 1a). Colours perceived by the 
human eye are due to the reflection of visible light ranging from 380 to 750 nm from 
objects, and it is essential to include this range to predict fruit colour. However, there 
are several water absorption bands in the NIR range which are much stronger than 
the absorption bands of pigment components (Williams and Norris, 2001).Therefore in 
the present study the NIR range was excludes to avoid its influence on colour 
prediction. 
A comparison of the performances of PLS-built model without pretreatment and with 
MSC and Savitzky-Golay first derivative pre-treatment (Naes, et al., 2004) showed 
Model 4 calibrated by data pretreated by first derivative on 450-600 nm was selected 
as the best model (R2=0.99, RMSECV=0.06 and SDR=8.89). The prediction accuracy 
for external validation was even better (R2=0.99 and RMSEP=0.06; Figure 2a). 

3.3 Prediction of tomato colour index (TCI) 
Performance of PLS models built on different spectral ranges for TCI prediction was 
evaluated by their RMSECVs (Figure 1b). The model derived from spectral window D 
(430-1400nm) obtained a lower RMSECV (2.02) than those obtained when other 
spectral windows were used. 
Coupling of PLS models for TCI with MSC or Savitzky-Golay first derivative 
preprocessing methods showed no improvement in predictive performance over the 
PLS model alone (Table 2). The model 6 was the optimal for predicting TCI 
(R2 ≥ 0.99), RMSECV = 2.02 and SDR = 8.84, and contained three PCs. Used in a 
predictive capacity (validation), Model 6 performed well (R2=0.99 and RMSEP=1.52; 
Figure 2b). 

3.4 Prediction of firmness 
A PLS model with 4 PCs and using spectral window C (500-1100 nm) showed the 
lowest RMSECV (2.24; Figure 1c), and thus a slightly better performance than the 
visible range (window A) or full wavelength range (window B), and clearly superior 
performance to the NIR range (window D). 
Two preprocessing methods, MSC and Savitzky-Golay first derivative, were applied to 
the spectral range of 500-1000 nm to find the best calibration model for firmness 
prediction (Table 2). Model 10, with 4 PCs, showed the lowest RMSECV (2.24) and 
gave a good performance for the calibration set (R2=0.90, SDR=3.10). Furthermore, 
results of external validation were also excellent (R2=0.97 and RMSEP=1.44 N; Figure 
2c). This model’s performance in predicting tomato firmness was superior to that of 
Shao et al. (2007) whose model performance statistics were r = 0.82, 
RMSEP=15.80 N and SDR=1.54. The present result is also much better than those 
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achieved for other fruit: 0.38 < r < 0.58 for apple firmness using wavelengths from 800 
to 1700 nm (Lu et al., 2000), and a R2 of 0.22 and 0.79 for the same parameter of 
Gala apple and Red Delicious apple, respectively, with wavelength 400-1800 nm 
(Park et al., 2003). 

3.5 Prediction of Lycopene content  
Compared to other spectral windows, spectral window D (450-1000 nm) offered the 
best results in predicting lycopene content (RMSECV=2.57; Figure 1d). Any ranges 
including visible wavelengths were distinctly superior to those restricted to NIR 
wavelengths (window E) owing to the fact that lycopene is the principal red pigment of 
tomato fruit and absorbs light between 600-750 nm. 
Given that the lowest RMSECV (2.57) was achieved by model 14 (Table 2), with 8 PC 
and no data preprocessing, this model was chosen as the optimal calibration model 
(R2=0.94, and SDR=4.14). When the model was used to predict a further 24 external 
samples, the prediction results were also excellent (R2 = 0.96, RMSEP = 2.15; Figure 
2d). This result was superior to that obtained by Baranska et al. (2006) using NIR 
spectroscopy to quantify lycopene in tomato fruits and related products (R2=0.85 and 
SECV=91.19). 

3.6 Quality parameters prediction using PLS2 
Correlations among all quality parameters (y-variables) under study, including L*, a*, 
b*, a*/b*, TCI, firmness, and lycopene content, is shown in a correlation loading plot 
(Figure 3). Variables in the proximity of each other in the loading plot have a high 
positive correlation, while variables in diagonal opposition to each other are negatively 
correlated. The value of a*, a*/b*, TCI and lycopene were positively correlated, as 
were L* and firmness; while firmness was negatively correlated with TCI, lycopene 
and a*/b*. However, b* varied independently. Therefore, it was possible to predict 
a*/b*, TCI, firmness, and lycopene content simultaneously by the PLS2 method. 
A pre-test to find an optimal wavelength range was made over different spectral 
ranges, with the range of 450-1100 nm being optimal for firmness and lycopene 
content prediction, which were relatively hard to predict from spectroscopic data. 
Model 17, built on non-preprocessed data, showed an excellent performance on all 
properties (Table 3). Model 18 showed a better performance in predicting firmness but 
rather poorly for other parameters, and model 19 showed a better performance in 
predicting lycopene content, but a poor prediction of firmness. Therefore, model 17 
was chosen as the best PLS2 model. The prediction results of external validation were 
also excellent for prediction of colour, firmness and lycopene content (Table 4). 

4. CONCLUSIONS 
By means of PLS regression methods, calibration models based on VIS/NIR spectral 
reflectance measurements were established to predict the a*/b* ratio, TCI, firmness 
and lycopene content of tomato fruits, respectively. The model's excellent 
performance indicates that it is possible to use a non-destructive technique to analyze 
these physico-chemical properties of tomato. Moreover, a suitable PLS2 calibration 
model was obtained for simultaneous determination of colour values, firmness and 
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lycopene content of the fruit. In a further study, we should investigate a wider range of 
tomato varieties to make the models more robust. 
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NOMENCLATURE 
CIE Commission Internationale de l’Éclairage 
DOR days of ripening  
LV latent variables 
MLR multiple linear regression 
MSC multiple scatter correction 
NIR near infrared 
PC principal components  
PCR principal component regression 
PLS partial least squares 
r correlation coefficient 
R2 coefficient of determination 
RMSEC root mean square error of calibration 
RMSECV root mean square error of cross validation  
RMSEP root mean square error of prediction  
SDR standard deviation ratio 
SEP standard error of prediction 
SSC soluble solid content 
TA titratable acidity 
TCI tomato colour index 
TSS total soluble solids 
VIS visible 
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Table 1. Statistical analysis of the calibration and validation sample sets, including 
the data range, mean and standard deviation (S.D.) 

Calibration (N= 60) Validation (N= 24) 
Characteristic  

Range Mean S.D. Range Mean S.D. 
a*/b* -0.36-1.47 0.73 0.56 -0.45-1.50 0.68 0.64 
TCI -13.92-45.37 24.16 17.85 -14.95-44.37 21.64 20.38

Firmness (N) 7.65-34.33 15.16 6.95 7.67-39.98 16.33 8.81 
Lycopene (mg kg-1) 0-41.15 14.51 10.63 0-36.62 14.08 11.14

 
 
 
Table 2.  Results of calibration and full-cross validation of the models 

Calibration  Cross-validation 
Characteristic  Model Wavelength 

range (nm) 
Preprocessin

g method 

No. 
of 

PCs
RMSE

C R2  RMSE
CV R2 SDR

1 400-2350 - 4 0.08 0.98   0.09  0.97  
2 450-600 - 3 0.06 0.99   0.07  0.98  
3 450-600 MSC 2 0.08 0.98   0.09  0.97  

Color a*/b* 

4 450-600 1st derivative 2 0.06 0.99   0.06  0.99 8.89 
5 400-2350 - 4 2.24 0.98  2.53 0.97  
6 430-1400 - 3 1.84 0.99  2.02 0.99 8.84
7 430-1400 MSC 4 2.15 0.98  2.49 0.98  

TCI 

8 430-1400 1st derivative 4 1.8 0.99  2.29 0.98  
9 400-2350 - 4 2.16 0.90   2.44  0.88  

10 500-1100 - 4 1.84 0.93   2.24  0.90 3.10 
11 500-1100 MSC 2 2.17 0.90   2.33  0.89  Firmness 

12 500-1100 1st derivative 1 2.39 0.88   2.53  0.87  
13 400-2350 - 8 1.97 0.97   2.96  0.92  
14 450-1000 - 8 1.88 0.97   2.57  0.94 4.14 
15 450-1000 MSC 2 3.42 0.89   3.62  0.89  

Lycopene  

16 450-1000 1st derivative 4 2.04 0.96   2.82  0.93   
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Table 3. Results of calibration and full-cross validation of the models built using 
PLS2 

Calibration Cross-validation 
Model Preprocessing 

method 

No. 
of 

PCs 
Characteristic 

RMSEC R2 RMSECV R2 SDR

Color a*/b* 0.05  0.99 0.05  0.99 10.57 
TCI 2.25 0.98 2.49 0.98 7.17 

Firmness 1.85  0.93 2.24  0.90 3.10 
17 - 6 

Lycopene 2.75  0.93 3.17  0.91 3.35 
Color a*/b* 0.06  0.99 0.07  0.98 8.00 

TCI 2.18 0.98 2.52 0.98 7.08 
Firmness 1.70  0.94 2.00  0.92 3.48 

18 MSC 6 

Lycopene 2.99  0.92 3.44  0.90 3.09 
Color a*/b* 0.05  0.99 0.06  0.99 9.03 

TCI 1.93  0.98 2.50  0.98 7.14 
Firmness 2.24  0.89 2.60  0.86 2.67 

19 1st derivative 6 

Lycopene 1.99  0.96 2.77  0.93 3.84 
 
 
 
 
Table 4 Results of external validation of the optimal PLS2 model 

External validation Model Preprocessing 
method 

No. of 
PCs Characteristic 

RMSEP R2 SDR
Color a*/b* 0.06  0.99  8.89 

TCI 1.75 0.99 11.65
Firmness 1.44  0.97  4.83 

17 - 6 

Lycopene 3.03  0.92  3.51 
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(c) 
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Figure 1. Root mean square error of cross validation (RMSECV) for prediction of 
properties vs. spectral windows: (a) colour value a*/b* ratio; (b) tomato 
colour index; (c) firmness; (d) lycopene content. The vertical bars in the 
bottom chart indicate the wavelength range for each spectral window. 
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 (a) (b) 

      
 

(c) (d) 

      
 
Figure 2. The predicted vs. the measured values of the properties of the validation 

set for the optimal models: (a) colour value a*/b* ratio; (b) tomato colour 
index; (c) firmness; (d) lycopene content. 

 
 

 
Figure 3. Correlation loadings of properties under study. 
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