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Abstract 9 

Portable near-infrared spectrometer in the spectral range of 900-1700 nm was evaluated for the 10 

first time to assess and monitor apple hardness in real-time during ultrasonic drying. Calibration 11 

models were developed using PLS and ANN, and their performances were evaluated by internal 12 

leave-one-out cross-validation and an external dataset. Several pre-treatments including standard 13 

normal variate (SNV), multiplicative scatter correction (MSC), Savitzky–Golay first and second 14 

derivatives were employed to examine the effects of spectral variations in hardness prediction. 15 

Seven important wavelengths were selected using weighted regression coefficients to develop a 16 

simple MLR model to facilitate the model interpretation and circumvent noise. The models using 17 

PLS, MLR, and ANN with selected wavelengths predicted the apple hardness with R2
p of 0.91, 18 

0.91, 0.95, and RMSEP of 14.78, 14.85, and 12.46 N, respectively. The results indicate that 19 

portable NIR spectrometers are quite promising for real-time monitoring of apple hardness 20 

during ultrasonic drying. 21 
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1. Introduction 24 

Drying is an effective technology in preserving food, agricultural and biological products. It is 25 

also the most energy-intensive process in the food industry, ranked after distillation [1]. 26 

Optimizing energy consumption and reducing the drying time along with producing a product 27 

with a better quality have led food engineers to look for advanced energy-efficient dryers with 28 

better control of drying parameters. Ultrasonic contact drying is one of the emerging advanced 29 

non-thermal drying techniques that utilize mechanical vibration instead of thermal energy to 30 

remove moisture and improve the nutrients and color of the final product [2]. However, 31 

continuous monitoring of food properties such as moisture content and texture profile during 32 

drying with conventional methods would be tedious or even impossible. Furthermore, many 33 

measurement techniques are destructive and incompatible for real-time application in advanced 34 

dryers, especially in ultrasonic drying, where a high-frequency vibrating sheet is in contact with 35 

products [3]. Thus, it would be beneficial to employ an accurate, non-destructive measurement 36 

technique for dryer control and production optimization.  37 

Near-infrared spectroscopy (NIRS) is a process analytical technology for identifying and 38 

quantifying chemical constituents and is primarily based on the absorption of electromagnetic 39 

radiation in the wavelength range of 750 to 2500 nm. It is well-known for being a low-cost, 40 

rapid, real-time, non-destructive, non-invasive, precise, accurate, repeatable, reproducible, and 41 

sustainable analytical tool [4]. NIRS also provides a deeper understanding of physiochemical 42 

changes of food properties and directly integrates them into control strategies [5]. It primarily 43 

goes together with multivariate techniques and machine learning algorithms to obtain food 44 

quality components from a single sample measurement in a fraction of seconds. In principle, as 45 

the sample is irradiated, various chemical bonds in biological materials absorb or emit 46 



electromagnetic waves at different wavelengths. Biological materials, thus, have different 47 

spectral fingerprints because of their precise vibrational frequencies of chemical bonds. The most 48 

prominent absorption bands in the NIR region are overtones and combinations of fundamental 49 

vibrations of hydrogen-based functional groups such as C–H, N–H, O–H, and S–H bonds [6]. 50 

NIRS has been successfully applied for measuring the physical and chemical properties of food 51 

and agricultural products [7]. 52 

Expensive benchtop NIR instruments are commonly used to measure and analyze food and 53 

biological materials [8]. Although portable NIR spectrometers typically have lower spectral 54 

resolution and worse wavelength reproducibility than benchtop instruments, portability would be 55 

necessary when the parameters have to be measured in situ [9]. This portability will allow a 56 

spectrometer to be taken to the sample, in contrast to the sample being taken to the benchtop 57 

spectrometer in a laboratory, and will boost NIR application scope throughout the production 58 

process, from raw materials to finished product monitoring. In addition, benchtop instruments 59 

are complex, sizable, expensive, and sometimes difficult to apply in processes. Thus, portable 60 

NIR spectrometers with a dense and flexible structure have attracted considerable attention. 61 

Different researchers have successfully used the portable NIR spectrometer for predicting 62 

soluble solids content and maturity index [10], biodiesel content in biodiesel mixtures [11], 63 

authentication of fengdous and quantitative analysis of mulberry fruits [12], moisture content of 64 

edible coated apple chips [13], and quality parameters and dry matter of mango fruits [14]. 65 

Recently, Cruz-Tirado [15] successfully applied NIR spectroscopy to predict eggs’ freshness and 66 

concluded that portable NIR spectrometers are suitable for online monitoring. The applications 67 

of portable NIR have been summarized in a few recent review articles [4,16]. 68 



The texture and flavor of the final product significantly correlate with drying processes [17,18]. 69 

Hardness is an important quality attribute related to the mechanical and microstructural 70 

properties of food [19]. It is also important from a sensory perspective as the overall organoleptic 71 

feeling of the food depends on hardness and firmness, which consumers can quickly identify. 72 

Drying methods and conditions significantly change the hardness and final quality of the 73 

product, so it is necessary to monitor and control these qualitative properties during drying [20]. 74 

Texture profile analysis (TPA) is the conventional method for measuring the texture profile and 75 

has been used extensively for different foods, including potato and apple [21] ‘date flesh’ [22], 76 

and meat products [23]. However, these methods are expensive, destructive, and time-consuming 77 

and would not be suitable in food processing industries for rapid and non-destructive quality 78 

evaluation [24]. Li et al. [25] used NIR spectra to assess fracturability and chewiness of Fuji 79 

apples and concluded that NIRS coupled with chemometrics was suitable for non-destructive 80 

measurement of apple texture. McGlone and Kawano [26] investigated NIRS for kiwifruit 81 

firmness and concluded that low pectin concentration (<1% by weight) was the underlying 82 

reason behind the poor performance of the multivariate calibration model on independent data. 83 

Fan et al. [27] evaluated the firmness and soluble solids content of Red Fuji apples via Vis/NIR 84 

transmittance spectroscopy combined with PLS and reached 2
R =0.81. Though their calibration 85 

model performance was not as perfect in predicting firmness as published research by Gómez et 86 

al. [28], their outcomes indicated that it is possible to use NIR spectrometer to monitor the 87 

firmness of apple in real-time. Pissard et al. [29] studied the use of NIRS to determine the dry 88 

matter and total phenolic content (TPC) of varieties of apples in peel and flesh and confirmed the 89 

potential of NIRS for TPC measurement and moisture content evaluation. A summary of NIRS 90 



and other non-destructive methods for determining the firmness of apples can be found 91 

elsewhere [30]. 92 

Non-destructive measurements of moisture content, water activity and chroma during hot air 93 

drying were conducted using NIR spectrometer [31]. Moisture content evaluation of apple chips 94 

during ultrasonic drying was studied by NIR spectrometer and multivariate analysis [32]. NIR 95 

hyperspectral imaging technique was used to monitor melon drying (moisture content 96 

determination) for different drying processes [33]. However, to the best of the author’s 97 

knowledge, no study has thus far been dedicated to applying either benchtop or portable NIR 98 

spectrometer for quantitative or qualitative monitoring of hardness during the ultrasonic contact 99 

drying process. The overall objective of this study was to evaluate the portable NIR spectrometer 100 

for monitoring the hardness of apples during the ultrasonic contact drying process. The specific 101 

objectives of this study were a) to develop a cost-effective and rapid approach for measuring the 102 

hardness during drying, b) to improve the prediction accuracy by using different pre-treatments 103 

and machine learning algorithms, and c) to introduce a closed-form equation for rapid and real-104 

time monitoring of hardness based on few selected wavelengths. Future studies could be 105 

emphasized on the design and evaluation of cloud-based portable NIR spectrometer for real-time 106 

monitoring as it was done in [34] and to develop a multi-objective prediction model for 107 

evaluating the quality attributed during drying. 108 

2. Materials and Methods: 109 

Figure 1 shows the step-by-step procedure for developing calibration models and feature 110 

extraction from the sample set. In the following sections, each step is explained in detail with 111 

appropriate explanations.  112 



2.1 Sample preparation 113 

A total of 8 Fresh Gala apples (Malus Domestica) were purchased from a local market in 114 

Urbana, IL, USA and were stored in a refrigerator at 4±2 °C for 24 hours before the experiments. 115 

The apples were washed manually and peeled by a stainless-steel knife before slicing using an 116 

electric food slicer (FS-9001A, Mliter Co., Shenzhen, China) into 3±0.2 mm thickness. A cork 117 

borer was used to cut the apple slices into circular discs having a 15 mm diameter. About 18-20 118 

samples (depending on the size of the apple) from each apple were selected, comprising a total of 119 

148 samples. Then, the apple slices were dried using a custom-designed ultrasonic contact dryer, 120 

as shown in Figure 2, at a uniform air temperature of 50°C and airspeed of 2 m/s. The samples 121 

were placed on the top surface of the contact dryer that was vibrated at a frequency of 20 kHz. A 122 

pulse generator has been used to drive the ultrasonic transducer, and digital signal processing 123 

was implemented to create a strong and uniform vibration over the sheet to dry (dehydrate) the 124 

samples. The mechanism of ultrasonic drying is mainly associated with cavitation and sponge 125 

effect due to rapid compression and dilation [35]. Hot air provided by a centrifugal air blower 126 

(Ebmpapst, Farmington, Connecticut, USA) and a heater (Intertek Inc., Model 1DKX3, 8900, 127 

China) flowed parallels over the dryer top surface to carry away moisture coming out of the 128 

sample. The samples were then collected at approximately 20 minutes intervals for spectral data 129 

collection and texture analysis.  130 

2.2 NIR spectra acquisition 131 

A portable NIR spectrophotometer based on a compact battery-operated evaluation module 132 

(EVM) (DLP2010NIR DLP® NIRscan™ Light, Texas Instruments (TI), Dallas, Texas, United 133 

States) was used to collect NIR spectra at 228 different wavelengths in the spectral range of 900–134 

1700 nm. The NIR measurements were done rapidly after taking off the samples from the dryer. 135 



To include the variability in apple, the sample rotated twice and averaged to provide a mean 136 

spectrum. The spectral acquisition was performed using a DLP NIRscan Nano GUI and 32 scans 137 

were completed instantaneously and averaged (total measurement time of 32 scans for each 138 

sample was 7.74s). The sample diameter (15 mm) was a little larger than the sensor size to cover 139 

the sensor completely during spectral acquisition.  140 

2.3 Texture analysis 141 

Textural properties of the apple samples were determined by a compression test using a TA-HD 142 

Plus Texture Analyzer (Stable Micro Systems Ltd., Godalming, UK) equipped with a 30 kg load 143 

cell. A 4 mm diameter probe (TA-54, Stable Micro Systems Ltd., Godalming, UK) and a Texture 144 

Exponent software (Stable Micro Systems Ltd., Godalming, UK) were used for the analysis. Pre-145 

test, test, post-test speeds, and strain rate were adjusted to 3, 1, 10 mm/sec, and 90%, 146 

respectively. Due to the destructive nature of the experiment, it was impossible to have 147 

replications for each distinctive sample (or spectra). However, two different but close regions in 148 

each sample were tested, and the results for hardness were averaged.  149 

2.4 Multivariate spectral analysis   150 

2.4.1 Spectral pre-treatment  151 

Spectral pre-treatment is considered an integral step in NIRS before calibration model 152 

development. NIR data usually contains some noises and background information in addition to 153 

the sample. Signal-to-noise ratio, baseline drift, wavelength accuracy, signal linearity, sample 154 

homogeneity, sample stability to temperature fluctuations are examples of possible undesired 155 

effects and errors in NIR spectral data [36]. Although there are no universal pre-treatment 156 

techniques to be applied to NIR spectral data, some procedures have been systematically offered 157 



in literature to be used as trial and error [37]. In this study, SNV, MSC, Savitzky–Golay first 158 

derivative, and second derivatives were separately applied before calibration modeling. First and 159 

second derivatives are generally used to remove shifts in baseline (multiplicative effects) and 160 

non-linearities [38], while SNV and MSC remove the multiplicative interferences of scattering, 161 

particle size, and the change of light distance [39].  162 

2.4.2 Outliers detection  163 

Identification of potential outliers is crucial in any machine learning modeling technique. 164 

Outliers are inherently associated with experimental observations and data collection, primarily 165 

in NIR spectroscopy. Errors caused by human instrumentation or sudden change in 166 

environmental conditions could lead to incorrect measurements. Even one outlier can deteriorate 167 

the calibration model and affect the entire modeling process. Thus, outlier diagnostics algorithms 168 

are employed to identify the samples with spectra sufficiently different from the calibration 169 

spectra. In this study, z-score criteria for outlier detection was applied in a way that the outliers 170 

were detected and removed if the difference between the predicted value ( predicted
y ) and the 171 

median of all predicted values ( ˆ
predictedy ) is greater than three standard deviations ( ( )predictedyσ ) of 172 

all predicted values (
ˆ

3
( )

predicted predicted

predicted

y y

yσ
−

> ) [40]. However, no outlier was detected in this study. 173 

2.4.3 Development of multivariate calibration models  174 

Multivariate analysis of NIR spectra was carried out with two linear models such as partial least 175 

squares (PLS) and multiple linear regression (MLR), and one nonlinear such as artificial neural 176 

network (ANN). PLS is a bilinear factor model which fits a linear regression by projecting the 177 

predictors and responses to a new space, called latent variables (LVs), with the best predictive 178 



power. In PLS, overfitting can be avoided by using the leave-one-out cross-validation approach 179 

in the calibration step, and the number of LVs was selected based on the lowest root mean square 180 

error of cross-validation (RMSECV). In contrast to PLS regression which can be implemented to 181 

the whole spectra, MLR is used after feature extraction to find a closed-form equation between 182 

the predicted values and absorbance at the selected feature wavelength. In addition, PLSR finds 183 

the relationship between the reference measurements and the LVs (not physical parameters) 184 

while MLR finds the correlation with the absorption bands which is consequential for 185 

interpretation of the results. 186 

In addition, an ANN combined with PLS has been employed to overcome possible shortcomings 187 

of linear regression methods to improve the calibration model accuracy. In this work, PLS was 188 

initially applied to the spectra to find the projected values of PLS components and reduce the 189 

dimension of variables. An appropriate neural network was then used to connect the projected 190 

variables to the reference values through two hidden layers (Fig S1, supplementary information). 191 

Adam optimizer as an adaptive learning rate gradient descent algorithm was employed to train 192 

the neural networks, and the weights of the model were updated by a back-propagation of errors 193 

algorithm. The PLS, MLR, and PLS-ANN along with pre-treatment algorithms were executed 194 

and programmed in Python 3.9.3, and neural network algorithms were implemented using 195 

PyTorch [41].  196 

2.4.4 Model validation and evaluation  197 

After associating the spectra with the reference measurements, data were divided systematically 198 

into 98 calibration (~66%) and 50 validation sets (~34%). Calibration data were used for 199 

developing the calibration model, and the validation data were used as an external validation for 200 

assessing the model's performance. Consequently, the two mostly used validation criteria, 201 



namely cross-validation, and external validation, were considered. Subsequently, the LVs were 202 

selected for each pre-treatment, and the calibration models were developed. The predictive 203 

capability of the model was evaluated based on root mean square error of calibration (RSMEC), 204 

root mean square error of prediction (RMSEP), coefficient of determination for calibration (
2

cR ), 205 

coefficient of determination for prediction (
2

p
R ), and the residual performance deviation (RPD).  206 

2.4.5 Feature selection   207 

One of the critical steps in analyzing a NIR spectrum is variable selection or feature extraction as 208 

the NIRS instruments often measure a spectrum at hundreds or a few thousands of different 209 

variables (wavelengths), and not all of them contain useful information. These variables are 210 

typically categorized as informative, non-informative, and interferential. Feature extraction aims 211 

to identify a subset of spectral wavelengths that capture the highest amount of important 212 

information (smallest possible errors) from the original spectra [42]. It is widely accepted that 213 

excluding the uninformative and interference variables will help to improve the stability, 214 

prediction capability, robustness of the model and decrease the model complexity [43,44]. Many 215 

different views on variable selection have been discussed in the literature [45]; however, no 216 

common strategy exists for variable selection. In this study, the weighted regression coefficients 217 

(BW) from the best calibration model were used to select feature wavelengths [46]. For this 218 

method, the spectra were normalized by their standard deviation to provide the same variability 219 

at each wavelength. Then, the PLS was used to find the regression coefficients of the calibration 220 

model at each wavelength. Due to the same variability of each wavelength, the magnitude of BW 221 

expresses the relative importance of each wavelength in the model [36]. In this paper, the 222 



wavelengths with the highest absolute value of BW were used to find a robust and cost-effective 223 

calibration model. 224 

3. Results and discussion 225 

3.1 Spectral features and reference measurements 226 

The collected spectra in this study covered some important wavelengths in the range of 900-1000 227 

nm (water and C-H third overtones), 1150-1250 nm (C-H second overtone), and 1400-1500 nm 228 

(C-H and water second overtone). Although the range of spectra collected from the NIR 229 

equipment was from 900 nm to 1700 nm, a small proportion of signals at both ends of spectra 230 

were removed to eliminate the noise. As a result, the spectral range from 913-1670 nm with 215 231 

spectral variables was used for spectral analysis. Figure 3a illustrates the absorbance spectra of 232 

all 148 collected samples at different drying times. There are three absorption peaks at spectral 233 

windows of around 960-1020 nm, 1150-1250 nm, and 1430-1470 nm. The first peak and the 234 

third peaks are associated with the third and second overtone of water, respectively, while the 235 

second peak represents the second overtone of C-H molecule bonds [47]. So, it is not surprising 236 

that fresh apples with high moisture content have higher peaks in absorbance spectra, and as the 237 

drying continues, the absorbance magnitude decreases. Indeed, NIR spectra are sensitive to 238 

organic molecule bonds (C-H, N-H, and O-H), and their concentration changes the absorbance 239 

spectra. In addition, it is recognized that pectin, containing functional groups of C-H and O-H, is 240 

associated with the texture [25]. Hence, measuring hardness is potentially feasible using NIRS.  241 

Table 1 shows the overview of data distribution by the statistical parameters of mean, standard 242 

deviation, minimum and maximum values among calibration and validation datasets. The mean 243 

and standard deviation between the two datasets was around the same, but the range of data for 244 



calibration was kept higher than the validation dataset. The large variations in the hardness range 245 

are beneficial for developing a more stable and efficient model. More details on the number of 246 

samples collected at each time interval (20 min) and the distribution of hardness value were 247 

provided in Fig. 3b where the measured hardness value of all the samples during drying at each 248 

time step was shown. The samples were selected at six different time steps, fresh (green), 20min 249 

(light blue), 40min (orange), 60min (gray), 80min (yellow), 100min (dark blue), and taken out 250 

for hardness measurements. A corresponding dry basis moisture content at each time step is also 251 

provided in Fig. 3c. It can be seen that the total variations of moisture content at the final stages 252 

of drying (time>80 min) decreases significantly. However, the standard deviation of hardness 253 

values for fresh samples was small while it increased during drying. For example, at t=100min 254 

where the dry basis moisture content was almost constant in the range of 0.07-0.1, the hardness 255 

ranges from 65N to 190N. Since each time step is associated with a specific range of moisture 256 

content, especially at the final drying stages (Fig. 3c), the high standard deviation of hardness at 257 

the corresponding time signifies that hardness value could not be precisely estimated based on 258 

just the water content. In essence, hardness estimation based on NIRS would be more than a 259 

simple pseudo-correlation measurement based on the water content.  260 

3.2 Calibration models at full wavelengths 261 

The key step in developing a robust PLS model is to find the optimum number of LVs to reduce 262 

the dimension of data. A large number of LVs will lead to an over-fitted model while selecting 263 

insufficient LVs would not result in an accurate calibration model (under-fitting problem). The 264 

optimum number of LVs for all PLS models was selected based on the minimum value of 265 

RMSECV; thus, the calibration model was obtained for a wide range of LVs and an objective 266 

function is defined to select the optimum LVs based on the criteria (Fig. S3, supplementary 267 



information). The optimum number of LVs, the statistical parameters of interest for calibration, 268 

cross-validation, and prediction set including 
2

c
R , RMSEC, 

2

cv
R , RMSECV, 

2

p
R , and RMSEP 269 

were calculated and shown in Table 2. Greater values of RPD, 
2

c
R , 

2

p
R , and 

2

cv
R  and lower values 270 

RMSEC, EMSECV, and RMSEP represent a calibration model with stronger predictive 271 

performance. The PLS model for hardness with 11 LVs resulted in an 
2

cR of 0.94, RSMEC of 272 

11.74 N, 
2

cvR  of 0.91, RMSECV of 14.85 N, 
2

p
R  of 0.91, and RMSEP of 15.22 N. In general, 

2

p
R  273 

in the range of 0.82-0.90 is considered to be good and acceptable whereas a value of more than 274 

0.91 would be excellent [48,49]. The
2

p
R  obtained in this study was similar to the one obtained for 275 

hardness in apple using a benchtop FT-NIRS [25]. This is an important outcome to show that 276 

portable NIR spectrometer is as competitive as the costly benchtop equipment. The proximity of 277 

the values of 
2

cvR and 
2

p
R  along with RMSECV and RMSEP signify that PLS is representative and 278 

can be applied accurately to the unknown data. The results also indicated that the pre-treatments 279 

on the raw data were not effective in improving the prediction capability of the model and the 280 

raw spectral data produced a more accurate calibration model. The SNV pre-treatments, for 281 

example, increased the accuracy of the calibration dataset (higher 
2

c
R  and lower RMSEC for raw 282 

data) while it slightly decreases the prediction capability of the validation dataset (lower 
2

p
R  and 283 

higher RMSEP for raw data). In fact, the highest 
2

p
R  and the lowest RMSEP corresponded to 284 

data without any pre-treatments. This outcome is in line with the ones pertained in literature [36].  285 

NIR spectra follow the principles of Beer-Lambert law which states that there is a linear 286 

relationship between the concentration and absorbance of spectra [50]. However, non-linear 287 



features may appear in spectra due to scattering for varying degrees [51]. This happens more 288 

often for food and biological materials, composed of multiple layers with different densities 289 

[52,53]. Several authors also emphasized that there might be non-linear relation between spectra 290 

and hardness of different food products [25,54–56]. However, PLS models essentially select 291 

linear features in the data, which is probably very simplistic compared to the complexity of 292 

hardness. Therefore, an attempt was made to use non-linear regression such as ANN to capture 293 

the possible non-linearity between the absorption spectra and hardness. PLS-ANN uses the same 294 

procedure as PLS except that a nonlinear regression based on ANN is applied instead of linear 295 

regression at the final stage. Figures 4a and 4b illustrate the predicted levels of hardness for 296 

calibration and validation data obtained by PLS and PLS-ANN, respectively. The PLS-ANN 297 

improves the prediction ability of the calibration model with respect to the linear model obtained 298 

using PLS. The statistical variables of PLS-ANN are also summarized in Table 2. Like the PLS 299 

models, pre-treatments had no significant influence on the prediction ability of the PLS-ANN 300 

model and raw data led to a calibration model with better prediction capability. Thus, all the 301 

subsequent analyses will be performed on raw spectral data. With PLS-ANN, the prediction 302 

ability of the calibration model has significantly improved with increasing 
2

p
R  from 0.91 to 0.95 303 

and decreasing RMSEP from 15.22 N to 11.49 N, a 25% reduction in root mean square error. In 304 

essence, comparing the statistical variables for PLS-ANN and PLS based on raw data, it is clear 305 

that the difference between the RMSEC and RMSEP in PLS-ANN are significantly reduced 306 

from around 30% to almost 0.5%, indicating that the fitted model based on PLS-ANN had better 307 

prediction performance. Since the only difference between PLS-ANN and PLS is the last step in 308 

linear regression analysis, it can be concluded that NIR spectra has a slightly nonlinear 309 

correlation with hardness factor and nonlinear multivariate calibration approaches would be a 310 



suitable choice for enhancing the prediction capability. Adoption of a nonlinear relation between 311 

LVs and ANN has also been observed in a firmness prediction of ‘Mazafati’ date by [54].  312 

RPD is another important statistical parameter that can be considered to evaluate model 313 

performance. It is defined as the ratio of standard deviation (SD) of the reference values to 314 

RMSEP. A high RPD means that the RMSEP is low compared to SD, indicating that the 315 

calibration model is robust and accurate. For agricultural products, specifically, it has been 316 

suggested that the RPD should be at least 3 or higher. An RPD of between 1.5 and 2 is 317 

considered to have a good prediction ability, while an RPD value of less than 1.5 represents a 318 

poor prediction quality [57]. A low RPD means that the calibration model could barely 319 

discriminate response variables close to each other, leading to only a rough screening between 320 

low and high values [58]. Although the RPD value of PLS shows an excellent prediction 321 

performance (Table 2), PLS-ANN enhances the RPD from 3.26 to 4.32 and provides a perfect 322 

calibration model for hardness prediction.  323 

3.3 Important feature extraction  324 

Feature extraction is vital in most machine learning algorithms and model developments, 325 

especially in NIR spectroscopy, where contiguous spectral bands contain redundant and highly 326 

correlated information. Decreasing the number of variables has additional advantages, such as a) 327 

improving the calibration performance by removing noise and uninformative information [59], b) 328 

facilitating the interpretation of the results [60], and c) accelerating the modeling process and 329 

response time [61]. In this study, the weighted regression coefficients (BW) were used to select 330 

the feature wavelengths. The BW of the PLS model at each wavelength is depicted in Figure 4c. 331 

The wavelengths centered at peaks and troughs of the BW curve were selected where the 332 



magnitude of regression coefficients was maximum (1042.04, 1118.86, 1245.62, 1288.51, 333 

1345.34, 1387.67, and 1659.31 nm). The other peaks and troughs were found to have an 334 

insignificant effect on the predicted ability of the model (less than 0.5%). The PLS and ANN 335 

models were developed with these seven wavelengths, and the results were also summarized in 336 

Table 2. Due to only seven input features, ANN was applied directly without implementing PLS 337 

projections. Based on these selected wavelengths the developed models had a good performance 338 

for both PLS (
2

p
R  =0.91, RMSEP=14.78 N, and RPD=3.36) and ANN (

2

p
R  =0.94, RMSEP=12.54 339 

N, and RPD=4.01). On the other side, the performance of the models developed using seven 340 

feature wavelengths was comparable with the models developed using a full spectral range of 341 

215 wavelengths, indicating that the proper selection of wavelength and feature extraction 342 

decreases the complexity of the model without significant influence on the prediction ability. The 343 

PLS calibration model based on the selected wavelength had a slightly better prediction 344 

performance than the one with full wavelength. This improvement by feature extraction was 345 

demonstrated by different researchers as well [62,63]. 346 

   3.5 Closed-form equation for real-time application 347 

Rapid and cost-effective calculation together with easy interpretation of calibration models 348 

attracted considerable attention in smart industrial systems [36,64]. Consequently, an MLR 349 

model was developed to find a closed-form equation using the selected feature wavelength, and 350 

the results of MLR are shown at the end of Table 2. The MLR has a similar prediction 351 

performance as the PLS since both models use linear regression to connect the feature 352 

wavelengths to the reference value. However, the MLR is simple and easy to interpret and 353 

implement than the latent variable-based PLS model. Using MLR, a closed-form equation for 354 

hardness prediction was obtained in the following form: 355 



�

2

1042.04 1118.86 1245.62

1288.51 1345.34 1387.67 1659.31

0.91, 14.85, 3.34

10.55 10474.11 14784.99 16409.42

29820.43 13689.55 5279.88 822.20

pR RMSEP RPD

H λ λ λ
λ λ λ λ

= = =

= − + × − × − ×
+ × − × + × − ×

144444444444444424444444444444443

 
(1) 

where λ  is the absorbance data at a specific wavelength corresponding to the footnotes and �H  356 

is the predicted hardness (N). It is interesting to see that all those overtone bands related to the 357 

first overtone of C-H bonds (CH, CH2, and CH3), namely, 1387, 1345, and 1659 nm, have direct 358 

contributions to the prediction of hardness. The second overtone bands of C-H, e.g., between 359 

1050 to 1300nm, also directly impacted predicted values of hardness. This is not surprising as 360 

apple is composed of around 14% carbohydrates (CH2O)n including pectin, fructose, glucose, 361 

and fibers. 362 

4. Conclusion 363 

This is the first reported study for a rapid and cost-effective, non-destructive measurement and 364 

real-time monitoring approach of apple hardness during ultrasonic contact drying using a 365 

portable NIR spectrometer. Linear PLS and MLR algorithms and nonlinear PLS-ANN were used 366 

for multivariate analysis of NIR spectra and developing the calibration model for hardness. It 367 

was shown that the correlation between absorbance spectra and hardness was improved 368 

significantly using non-linear PLS-ANN hybrid methods. The best linear PLS model could 369 

predict the hardness of apple with
2

p
R  of 0.91 and RMSEP of 15.22 N and the best nonlinear PLS-370 

ANN calibration model reached 
2

p
R  of 0.95 and RMSEP of 11.49 N. Furthermore, weighted 371 

regression coefficients (BW) were employed to select feature wavelengths and reduce the 372 

dimensions of the variables. The hardness of the apple was predicted with 
2

p
R  of 0.91 and 373 

RMSEP of 14.78 N using only seven wavelengths and a closed-form equation for prediction of 374 



hardness based on absorbance spectra was introduced. Using only seven feature wavelengths, a 375 

low-cost filter-based spectroscopic system can be developed for rapid determination and real-376 

time monitoring of apple hardness during ultrasonic contact drying. It is worth noting that this 377 

study initiates a low-cost non-destructive measurement of the physical property of food material 378 

during ultrasonic drying by a portable NIR spectrometer. More studies on other quantities and 379 

qualities of interest including nutrients, water activity, and moisture content have yet to be 380 

investigated. Developing ultrasonic smart dryers using NIRS would be an accessible aim in the 381 

near future.  382 
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Figure Captions: 586 

Figure 1. Full procedure for developing the calibration models and feature extraction for 587 

selecting important wavelengths. 588 

Figure 2. Schematic of ultrasonic contact dryer. 589 

Figure 3. (a) Spectra of apple samples during drying. Blue, red, and yellow lines represent the 590 

spectrum of one sample for fresh, semi-dried, and fully dried, respectively. (b) Measured 591 

hardness value (N) at each time interval. (c) Dry basis moisture content at each time interval 592 

(drying curve).  593 

Figure 4. Levels of predicted hardness versus measured hardness for calibration and validation 594 

data via (a) PLS,  (b) PLS-ANN, and (c) plot of the weighted regression coefficients (BW) 595 

versus wavelength (Savitzky–Golay filter is used to smooth and remove the unnecessary noise in 596 

the regression coefficient curve). 597 

  598 



Table 1. Summary of statistics of Gala apple data in calibration and 

validation dataset 

Dataset 

No of 

samples 

Mean (N) 

Standard 

deviation (N) 

min-max (N) 

Calibration 98 81.02 49.88 1.42-189.91 

Validation 50 81.76 49.65 10.90-173.21 

Total samples 148 81.27 49.80 1.42-189.91 

 599 

 600 

Table 2. The calibration, cross-validation, and prediction results of PLS, MLR and ANN 

Model 
Pre-

treatment 
LVs 

Calibration Cross-Validation Prediction 

2

c
R

 

RMSEC 

(N) 
2

cv
R

 

RMSECV 

(N) 
2

p
R

 

RMSEP 

(N) 
RPD 

PLS 

Raw 11 0.94 11.74 0.91 14.85 0.91 15.22 3.26 

SNV 10 0.97 9.14 0.92 13.82 0.90 15.53 3.20 

MSC 8 0.81 21.87 0.68 28.32 0.79 22.52 2.20 

1st 

derivative 
11 0.94 11.97 0.90 15.70 0.90 15.98 3.11 

2nd 

derivative 
10 0.95 10.85 0.90 15.70 0.90 15.49 3.21 

PLS-ANN 

Raw N.A 0.95 11.54 0.95 10.47 0.95 11.49 4.32 

SNV N.A 0.97 8.56 0.95 10.18 0.93 13.14 3.78 

MSC N.A 0.96 10.57 0.95 11.10 0.92 13.68 3.63 

1st 

derivative 
N.A 0.93 12.82 0.93 12.25 0.93 12.76 3.89 



2nd 

derivative 
N.A 0.95 11.99 0.95 11.36 0.94 12.65 3.93 

PLS 
Selected 

wavelength 
7 0.93 13.66 0.90 14.92 0.91 14.78 3.36 

ANN 
Selected 

wavelength 
7 0.94 12.60 0.94 12.54 0.94 12.55 4.01 

MLR 
Selected 

wavelength 
7 0.93 13.66 0.90 14.92 0.91 14.85 3.34 
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