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Abstract: pH value is regarded as one of the most important attributes that affect sensory characteristics and edible quality of 

apple.  The objective of the research was to explore the feasibility of applying shortwave infrared hyperspectral imaging 

system to detect the pH value of apple.  A shortwave infrared hyperspectral imaging system was developed over the 

wavelength region of 1 000-2 500 nm and used to acquire hyperspectral images of apple samples.  After reflectance calibration, 

mean reflectance spectral was calculated by averaging the intensity of all pixels within the roundness region of interest (ROI).  

Synergy interval partial least squares (siPLS) algorithms as an effective multivariable method was conducted on the calibration 

of regression model to estimate the pH value in Fuji apple.  The performance of the final model was back-evaluated according 

to root mean square error of calibration (RMSEC) and correlation coefficient (Rc) in calibration set, and tested in prediction set.  

The optimal prediction siPLS model was obtained with correlation coefficient (Rp) of 0.8474 and mean square error of 

prediction (RMSEP) of 0.0398.  The results indicated that shortwave infrared hyperspectral imaging combined with siPLS 

chemometrics could be an accurate and fast method for nondestructive prediction of pH value in Fuji apple. 
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1  Introduction  

As a leader of apple production, China produced   

36 million tons of apples according to FAOSTAT, which 

accounted for half of the world’s annual production.   
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‘Fuji’ is one of the mostly cultivated apple varieties in 

China.  It is planted in both East and West China, 

mainly in Shandong Province, Shaanxi Province, 

Xinjiang Uygur Autonomous Region, etc.  Apple is 

considered an important choice of a healthy diet and is 

one of the most frequently consumed fruits
[1,2]

.  Apple 

taste and appearance are two important criteria for 

consumers’ purchase decision making.  Apple quality 

characteristics include external factors such as appearance 

(size, shape, color, gloss, and consistency), texture, flavor, 

and internal factors (chemical, physical, and microbial).  

Among these quality parameters, pH value is regarded as 

one of the most important attributes that affects the edible 

quality of apple
[3]

.  pH value is positively correlated 

with taste, and has a substantial influence on overall 

consumer satisfaction.  Despite its importance, pH value 

is one of the attributes that are most difficult to evaluate 
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before purchase, because it is invisible from appearance 

and highly variable
[4,5]

.  Traditionally, it can be precisely 

measured by instrumental methods such as pH meter 

measurement.  These methods are reliable but have the 

disadvantages of being slow and destructive for industrial 

applications.  It is impossible to use these methods as 

routine analysis in the apple processing industry.  

Therefore, it is desirable to develop a fast, 

non-destructive, accurate, and on-line technique to predict 

pH value of apple. 

Conventional spectral analysis techniques have 

proved some success as an objective method in fruit 

acidity prediction for titratable acidity (TA), malic acid, 

and citric acid.  Optical techniques, particularly near 

infrared spectroscopy (NIRS), have become popular in 

evaluating fruit quality and physiology because they are 

generally fast, easy and nondestructive in implementation.  

Jamshidi, et al.
[6]

 investigated the feasibility of 

reflectance Vis/NIR spectroscopy for taste 

characterization of Valencia oranges based on taste 

attributes including soluble solids content (SSC) and TA, 

as well as taste indices including SSC to TA ratio 

(SSC/TA) and BrimA.  Xie, et al.
[7]

 conducted an 

experiment to simultaneously measure TA, malic acid, 

and citric acid of bayberry fruit in a nondestructive 

manner using near-infrared (NIR) transmittance 

spectroscopy and chemometrics.  Shao, et al.
[8]

 

evaluated the application of Vis/NIRS in measuring the 

quality characteristics of tomato ‘Heatwave’ 

(Lycopersicumesculentum), including fruit firmness 

(indicated by compression force and puncture force), SSC 

and acidity (pH value).  Shao, et al.
[9]

 also analyzed 

spectral with two types of preprocessing to build a best 

model for predicting the SSC and acidity (pH value) of 

bayberry juice.  Unfortunately, the distribution 

information of the chemical composition of a sample 

cannot be obtained via this technique because 

conventional NIR spectroscopic instruments are 

considered as point-based scanning instruments that 

provide one spectrum of the target sample without giving 

any spatial information.  In reality, there are some cases 

where spatial distribution of quality parameters is needed. 

Hyperspectral imaging (HSI) can be utilized as the  

basis for developing such systems due to its high spectral 

and spatial resolution, non-invasive nature and capability 

for large spatial sampling areas
[10,11]

.  With the 

development of optical sensors, hyperspectral imaging 

integrates spectroscopy and imaging techniques to 

provide spectral information as well as the spatial 

information of measured samples.  Hyperspectral 

imaging is a technique whereby hundreds of reflectance 

images are captured over a broad wavelength range at 

contiguous and narrow intervals, forming a 

three-dimensional structure of multivariate data 

(hypercube).  When the hyperspectral data are 

appropriately processed, it is possible to automatically 

identify the location of features that display specific 

spectral signatures and to map the gradient and spatial 

distribution of specific attributes
[12]

.  HSI, as a powerful 

analytical tool, has recently emerged for nondestructive 

evaluation of fruit quality and safety, such as prediction 

of physico-chemical and sensory characteristics of table 

grapes
[13]

, determination of quality attributes for 

strawberry
[14]

, prediction of firmness and soluble solids 

content of blueberries, detection of apple mealiness
[15]

, 

inspection of banana fruit quality and maturity stages
[16]

, 

detection of early bruises in apples
[17,18]

, and assessment 

of apple fruit firmness and soluble solids content
[19]

.  

However, hyperspectral imaging technology has not yet 

been directly executed for predicting pH value of apple 

for nondestructive quality detection. 

Hyperspectral imaging technology in both visible and 

NIR regions have been widely used in predicting food 

quality and safety.  The two spectral ranges were named 

visible and short-wave near infrared (VNIR) spectral 

range (400-1 000 nm) and long-wave near infrared 

spectral range (LW-NIR, 900-1 700 nm or 1 000-         

2 500 nm), respectively. Although the hyperspectral 

imaging system with the spectral range of 400-1 000 nm 

includes the visible region, and can be used for the color 

measurement, the hyperspectral imaging system with 

LW-NIR range has better ability of measuring internal 

quality attributes, because the molecular overtone and 

combination vibrations in VNIR are more serious than 

those in LW-NIR
[20]

.  Therefore, it is of our aim to 

implement LW-NIR hyperspectral imaging for predicting 
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pH value in apple. 

The specific objectives of this study were (1) to 

develop a hyperspectral imaging system in the spectral 

region of 1 000-2 500 nm for fast acquisition of LW-NIR 

hyperspectral images from apple sample, (2) to apply a 

feature selection technique to search for an optimized 

spectral interval and an optimized combination of spectral 

regions selected from informative regions in near-infrared 

spectroscopy for pH value determination, (3) to establish 

multivariate calibration models to quantitatively correlate 

spectral information to the corresponding pH values 

based on the whole range of spectra or spectra at the 

selected region. 

2  Materials and methods 

2.1  Sample preparation 

To make the experimental results accurate and 

reliable and reduce the system error in the experiment, all 

apples free from any abnormal features such as defects, 

bruises, diseases and contamination were selected.  

Sample was collected at Feicheng Fuji Apple Research 

Station and at China National Research Center for Apple 

Engineering and Technology in Tai’an city, Shandong 

Province.  This orchard, located at 116°50′33″E and 

36°14′6″N, has an elevation of 110 m above sea level, an 

annual temperature ranging between 12.5°C and 13.0°C, 

and an annual rainfall of 659 mm.  A total number of 

160 apples were selected in this experiment.  Apples 

were stored at 4°C to keep the quality prior to testing.  

Fruits were removed from the storage and left in room 

temperature (20±1)°C before the shortwave infrared 

hyperspectral image acquisition. 

2.2  Shortwave infrared hyperspectral imaging system 

A laboratory shortwave infrared hyperspectral 

imaging system (Figure 1) was developed to acquire 

hyperspectral reflectance images of apple in the spectral 

region of 1 000-2 500 nm.  The system consisted of 

hyperspectral camera, illumination unit, frame grabber, 

sample transportation plate, and computer with data 

acquisition software.  The hyperspectral camera included 

an imaging spectrograph (ImSpector V25E, Spectral 

Imaging Ltd., Oulu, Finland) and a shortwave infrared 

charged couple device (CCD) camera (Xeva-2.5-320, 

Xenics Infrared Solutions, Belgium).  The digital camera 

operates HgCdTe detector array (up to 2.5 µm) with 

320×256 pixel resolution.  It outputs 14 bit data and 

comes in a 60 Hz or 100 Hz version.  The camera 

interfaces to a PC via standard USB 2.0.  The digital 

camera combines a four stage thermo-electrically cooled 

detector head. 

The position and orientation of the hyperspectral 

camera were adjusted by trial and error in order to 

minimize shape distortions caused by misaligned line 

scanning and also to match up with the detector 

orientation.  Two 150 Watt tungsten halogen lamps 

provided by regulated power supply were used to achieve 

a uniform NIR illumination for the sample in the field of 

view of the optics.  An industrial computer system and 

Labview software (version 8.3, National Instruments 

Corporation, Austin, USA) are used to capture all the 

line-scan images and save them for further analysis.  

The whole setup is placed in a dark room to avoid any 

stray light from the surrounding environment. 

 

Figure 1  Schematic of the shortwave infrared hyperspectral 

imaging system for apple fruit 
 

2.3  Hyperspectral image acquisition and correction 

Each apple sample was placed on the translation 

platform and then moved at a speed of 45 mm/s under the 

field of view of the camera to be scanned line by line.  

Each image was recorded in the NIR region of 930-     

2 548 nm with 6.34 nm intervals between contiguous 

bands, producing a hyperspectral image with 256 

wavelengths channels.  The spectral data for further 

processing were limited to 238 different wavelengths 
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ranging from 1 000 nm to 2 500 nm, as beyond this range 

the noise level of the camera was high, and the signal 

efficiency of the light source was low. 

To eliminate the effects of dark current noise from 

camera and the non-uniformity of the lighting, the 

hypercube needed to be corrected with a white and a dark 

reference.  The dark image was collected by closed 

shutter, turning off all light sources and covering the lens 

with a black cap.  A PTFE white reference spectral with 

99% reflection efficiency was used to obtain a white 

reference image.  The calibrated image (R) was then 

defined by the following Equation (1): 
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where, λ, n means pixel n and at wavelength λ; R is the 

intensity of a raw image; W is the intensity of the white 

reference spectral on plate; and D is the intensity of the 

dark image.  Since the shortwave infrared CCD camera 

had 14-bit digital output, a coefficient of 16 384 was used 

to scale the pixel values of the images back to the original 

intensity range of the system. 

2.4  Extraction of spectral data 

To conduct spectral data extraction from each sample 

in the hyperspectral image, the region of interest (ROI) 

function of HIS Analyzer software was used to extract the 

sample spectral from the center region.  A square ROI 

with a size of 50×50 pixels around the center of each 

image was selected.  The reflectance spectrum in Figure 

3 was obtained by averaging ROI for a hyperspectral 

image.  The spectral profiles of apple samples from    

1 000 nm to 2 500 nm are shown in Figure 3.  It shows 

the spectral profile of calibration set sample from each 

origin. This process was executed manually one by one. 

2.5  Spectral preprocessing 

Spectral pretreatment is usually performed to 

mathematically treat the extracted spectral data to correct 

undesired effects such as light scattering and random 

noise resulting from variable physical sample properties 

or instrumental effects.  In the present work, it was only 

applied to the extracted spectral data, where scattering 

corrections are frequently applied.  Multiplicative 

scattering correction (MSC) is used to correct for light 

scattering variations in reflectance spectroscopy.  The 

standard normal variate (SNV) transformation is used to 

remove interferences due to light scattering and path 

length variations.  Spectral derivatives may also be 

employed to improve resolution and to highlight the 

selectivity towards a particular analyte when strong 

multicollinearity is presented. 

2.6  Multivariate calibration methods 

In general, partial least square (PLS) regression is the 

most commonly used multivariate method for 

constructing calibration models to predict the constituent 

of interest
[21]

.  It is proved to be very efficient for 

multivariate calibration when the measured variables such 

as spectral data are highly correlated
[22,23]

.  However, the 

selection of informative spectral regions should be 

considered to quantify highly complicated samples such 

as biological samples.  A drawback of the technique of 

feature selection when it is applied to spectral data is that 

the selected features are usually scattered throughout the 

spectrum.  

An approach dividing the full spectrum into regions 

of defined size, synergy interval partial least squares 

(siPLS) regression was proposed by Norgaard and 

co-workers
[24,25]

.  The basic principle of siPLS is given 

as follows: First, it splits the spectra into some smaller 

equidistant regions.  Next, PLS regression models are 

developed in all possible combinations of two, three or 

four intervals.  Thereafter, root mean square error of 

calibration (RMSEC) is calculated for every combination 

of intervals.  The combination of intervals with the 

lowest RMSEC is chosen. 

The performance of the calibration model was 

evaluated in terms of RMSEC.  Root mean square error 

of prediction (RMSEP) was used to evaluate the 

performance of the prediction set in the prediction process.  

Correlation coefficient (R) between the predicted and the 

measured value were calculated for both the calibration 

and the prediction sets.  Generally, a good model should 

have lower RMSEC, RMSEP and higher R but small 

differences between RMSEP and RMSEC. 

3  Results and discussion 

3.1  pH reference values 

The reference descriptive values of apple pH were 
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measured using the pH meter (model FE20 with Inlab 

micro) manufactured by Mettler Toledo Scale Company 

Shanghai corp., Switzerland.  The mean, standard 

deviation and the range for pH value by reference 

measurement was summarized in Table 1.  Before 

making calibration, samples with a standard deviation on 

the measured result, three times higher than the mean 

standard deviation of all samples are deleted. No outlying 

replicate is detected.  Then, all 173 samples were 

randomly divided into two subsets.  The first subset was 

called the calibration set with 115 samples to be used for 

model building, while the other one was called the 

prediction set with 58 samples to be used for testing the 

robustness of the model.  Both datasets have comparable 

ranges, means, and standard deviations for all measured 

parameters, which are important for calibration models to 

be used later in the prediction.  The results of the T-test 

revealed that there was no significant difference between 

the calibration and validation sets for pH value.  The pH 

value distribution of the calibration set samples shown in 

Figure 2 is substantially normal, with good representation. 

 

Figure 2  pH value distribution of apple samples of the calibration 

set 

 

Table 1  Descriptive statistics of pH value measured by 

the standard reference method 

Subset Samples No.  Range Mean Standard deviation 

Calibration set 115 3.85-4.19 4.0627 0.0781 

Prediction set 58 3.86-4.19 4.0060 0.0737 

 

3.2  Spectral profiles 

LW-NIR reflectance spectral profiles of calibration 

set apple samples extracted from the ROI of hyperspectral 

image was shown in Figure 3.  Scrutinized from the 

spectra of the original data (Figure 3), it is readily 

apparent that no outliers can be observed by naked eyes 

and all the spectra were quite homogeneous.  As 

obviously noticed in the spectra, there were two 

pronounced valleys observed at 1 450 and 1 940 nm were 

related to the O–H first stretching overtone and bending 

combination of water, respectively.  

 

Figure 3  LW-NIR reflectance spectral profiles of apple samples 

of the calibration set  

 

3.3  Results of PLS model 

In the application of PLS algorithm, it is generally 

known that the number of PLS factor is a critical 

parameter in model calibrating.  PLS regression model 

was developed under full cross validation using the full 

spectral range (238 wavelengths), and the optimum 

number of PLS factors was identified at the lowest value 

of RMSEC.  Table 2 shows the performance of PLS 

models on the raw spectra and those developed with 

various pre-treatment routines (SNV, MSC, 1
st
 derivative 

and 2
nd

 derivative) for the prediction of pH value.  The 

results indicated that 1
st
 derivative spectral pretreatment 

methods offered an improvement in the model accuracy.  

All others even had deteriorative influence on the model 

predictability compared with raw spectra.  Results 

presented in Table 2 showed that the PLS models 

developed using the 1
st
 derivative spectra used in 

predicting pH value are reasonably good with Rc at 

0.8494, RMSEC at 0.0411, Rp at 0.8407 and RMSEP at 

0.0412 with 8 PLS factors.  However, the prediction 

models could also be further enhanced by including more 
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samples or building calibration models based on 

non-linear approaches. 
 

Table 2  PLS models for predicting pH value with raw and 

pretreated spectral data using the full range 

Subset PLS factor Rc RMSEC Rp RMSEP 

Raw 10 0.8431 0.0419 0.8204 0.0435 

SNV 9 0.8335 0.0430 0.8102 0.0441 

MSC 9 0.8038 0.0481 0.7779 0.0487 

1
st
 derivative 8 0.8494 0.0411 0.8407 0.0412 

2
nd

 derivative 8 0.8344 0.0429 0.8143 0.0437 

 

3.4  Results of siPLS model 

The siPLS algorithm develops PLS regression models 

for all possible combinations of two, three or four 

intervals.  The number of intervals was also optimized 

according to the RMSEC in siPLS model calibration.  

The combination of intervals with the lowest RMSEC is 

chosen.  Considering the upper results, we selected the 

1st derivative pretreatment spectral for the further 

analysis.  When four intervals were considered, the best 

siPLS model was achieved.  The number of intervals 

was 19, and the 3, 5, 8 and 10 intervals were chosen for 

pH value siPLS model.  The optimal combination of 

siPLS model was obtained when combined four 

subintervals.  The best number of intervals was 19, and 

the 3, 5, 8 and 10 intervals were chosen for pH value 

siPLS model.  The spectral regions labeled with 

wavelength were shown in Figure 4.  According to the 

investigation of the spectrum, we selected spectral 

regions to build a PLS model, but the absorption band 

around 1 940 nm, corresponding to O-H stretching and 

deformation was excluded in the analysis.  Figure 5 is 

the scatter plot showing a correlation between reference 

measured and spectral predicted in the calibration set by 

siPLS model.  Here, the value of RMSEC is 0.0406, and 

correlation coefficient Rc is 0.8529 in the calibration set.  

When the performance of siPLS model was evaluated by 

the samples in the prediction set, the RMSEP is 0.0398 

and Rp is 0.8474 in the prediction set. 

For full-spectrum PLS model, all variables were used 

to calibrate global model.  In some NIR spectral regions, 

there may contain some useless or irrelevant information, 

which can worsen the predictability of the model.  The 

elimination of irrelevant variables can predigest 

calibration modeling and improve the results in terms of 

accuracy and robustness.  In addition, there were some 

collinear variables in NIR spectral region, and they 

inevitably weaken the performance of PLS model.  

Synergy interval PLS actually gives overview spectral 

data to select the interesting spectral region and remove 

some noisy regions.  SiPLS combine several informative 

spectral regions in building calibration models.  

Therefore, siPLS selected fewer spectral variables than 

full-spectrum PLS models, and got equal performance.  

This result was slightly better than the previous models 

developed with the full spectral range, indicating that the 

method for feature region selection using siPLS was 

efficient. 

 

Figure 4  Spectral intervals selected by siPLS method 

 

Figure 5  Predicted values of the calibration (○) and prediction () 

sets against reference values by siPLS 

 

Comparing with the investigation of Jamshidi, et al.
[6]

 

and Shao, et al.
[8]

, Vis/NIR spectroscopy was performed 
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to measure TA in oranges and bayberry fruit, respectively.  

The best models obtained with PLS method had predicted 

correlation coefficients at 0.86 and 0.83, respectively.  

The result was similar with ours for apple.  Therefore, 

more research should be conducted to improve prediction 

accuracy of fruit pH value using shortwave infrared 

hyperspectral imaging technique. 

4  Conclusions 

To predict pH value in apple, a systematic approach 

was developed using LW-NIR hyperspectral imaging in 

conjunction with PLS regression as well as siPLS.  This 

study has shown that LW-NIR hyperspectral imaging 

offers an alternative to analytical methods for rapid and 

non-destructive prediction of pH value in apple.  The 

partial least squares regression analysis showed a strong 

performance in predicting pH value with 1
st
 derivative 

pretreated spectral with the full range (Rc at 0.8494, 

RMSEC at 0.0411, Rp at 0.8407 and RMSEP at 0.0412).  

Meanwhile, siPLS algorithm revealed its superiority to 

enhance the model for pH value prediction by selected 

the optimal combination of intervals.  It can be 

concluded that LW-NIR hyperspectral imaging with 

siPLS algorithm can significantly improve the efficiency 

of quality control and assurance of agro-food production.  

More investigation is needed to improve the accuracy and 

robustness of the prediction models for on-line 

application. 
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