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Introduction

Traditional methods for evaluating fruit quality, such as pH measurement, are often destructive, time-
consuming, and costly, leading to product loss and reduced efficiency in the supply chain. The growing need for
rapid, accurate, and non-destructive methods makes the use of technologies like Hyperspectral Imaging (HSI)
essential. HSI combines two-dimensional imaging with spectroscopy to simultaneously acquire spatial and spectral
information from an object. Numerous studies have shown that this method is capable of accurately estimating
internal fruit parameters in a non-destructive manner. The objective of this research was to develop a fast and
reliable method for the non-destructive estimation of pH in two plum cultivars using HSI and machine learning
algorithms such as Partial Least Squares Regression (PLSR) and Artificial Neural Networks (ANN). This study
aims to overcome the limitations of conventional methods by leveraging the power of advanced imaging and
computational techniques, providing a sustainable and efficient solution for the fruit industry.

Materials and Methods

In this study, 80 samples from each of the Khormaei and Khoni plum cultivars were used, which were
purchased from local orchards. The samples were uniform in size, shape, and colour and were free from any
physical damage. Hyperspectral images of the samples were acquired using a rotating hyperspectral imaging
system in the range of 418 to 1072 nm. The pH of each fruit juice sample was measured using a digital pH meter.
In the analysis of spectral data, the initial part of the spectrum was first removed due to high noise, and then the
remaining data were processed with preprocessing methods such as a Gaussian filter and Multiplicative Scatter
Correction (MSC). To select effective wavelengths (EWSs), a hybrid approach using a Decision Tree (DT) and five
metaheuristic algorithms was employed, with the Particle Swarm Optimisation (PSO) algorithm showing the best
performance. Finally, pH modelling was performed on the selected wavelengths using PLSR and ANN. This
comprehensive methodology ensures that the models are trained on high-quality data and are optimised for
maximum accuracy.

Results and Discussion

Spectral analysis showed that the reflectance spectra of the Khoni and Khormaei plums had a high degree of
variation, which is related to the differences in their chemical composition and structure. Descriptive statistics
indicated that the average pH of Khormaei plum (3.909) was higher than that of Khoni plum (3.7375), and the pH
range of Khoni plum (3.15 to 4.44) was wider than that of Khormaei plum (3.6 to 4.2). The results showed that
modelling with ANN on the wavelengths selected by PSO, especially for Khoni plum, significantly increased
prediction accuracy. The best ANN model for Khoni plum achieved an R? of 0.9834 and an RPD of 8.01, which
indicates the outstanding accuracy of this method. For the Khormaei plum, the best ANN model also reached an
R? of approximately 0.76 and a Ratio of Performance to Deviation (RPD) of 2.12, showing a considerable
improvement over the PLSR model. The superior performance of the ANN models can be attributed to their ability
to capture complex, non-linear relationships between spectral data and pH values, which linear models like PLSR
may miss.

Conclusion

This research successfully demonstrated that hyperspectral imaging, in combination with machine learning
algorithms, particularly ANN and PSO, can be an accurate and reliable method for the non-destructive prediction
of pH in different plum cultivars. The hybrid approach used in this study, which combined DT for initial feature
selection with PSO for optimal wavelength selection, enabled the models to predict pH values with very high
accuracy, especially for the Khoni plum cultivar. This method can be used as an efficient tool in post-harvest
quality control processes, helping to reduce waste and improve efficiency in the fruit supply chain. This work
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paves the way for the development of smart grading and sorting systems that can quickly and accurately assess
fruit quality, benefiting both producers and consumers.
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Table 1- Parameters of the metaheuristic algorithms used for selecting effective wavelengths
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Fig. 2. Reflectance spectra of (a) Khormaei and (b) Khoni plum samples measured by hyperspectral imaging system
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Table 2- Descriptive statistics of pH values in two varieties of plums
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Table 3- Results of the Partial Least Squares Regression (PLSR) model for the Khormaei plum variety with various
spectral preprocessing methods (9 Components)
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No Preprocessing
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Moving Average
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Table 4- Results of the Partial Least Squares Regression (PLSR) model for the Khoni plum variety with various
spectral preprocessing methods (10 components)
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Fig. 3. Scatter plot of the measured versus predicted pH values for the best PLSR model on the full spectrum range with
Gaussian filter preprocessing on the test set for varieties: (a) Khormaei, (b) Khoni
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Fig. 4. Performance of the DT model with various algorithms for Khormaei plum samples: (a) Average RMSE for all
samples, (b) Average correlation for all samples
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Fig. 5. Performance of the DT model with various algorithms for Khoni plum samples: (a) Average RMSE for all
samples, (b) Average correlation for all samples
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Table 5- Selected wavelengths by DT-PSO algorithm

) (yiagil) oo loil oo glazgedob
Variety Selected EWs (nm)
by 519.967, 567.227, 438.989, 471.704, 861.47, 688.055, 571.977, 866.435, 442.203, 746.972, 722.265, 462.389,
Khormaei 507.02, 428.224, 1021.683
JETES 988.625, 819.5, 432.232, 636.415, 435.922, 630.429, 559.92, 741.437, 527.776, 460.428, 962.516, 950.06,

Khoni 512.792, 968.704, 794.096
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Table 6- Results of the PLSR model on DT-PSO selected wavelengths for the Khormaei plum variety with various
spectral preprocessing methods (7 components)

R . 338010 o yLis 03]
A3y, Ghibpobe T"’“’.”." A ‘;"’ )
No Preprocessing raining alidation est
R2 RMSE RPD R2 RMSE RPD R2 RMSE RPD
1 PPro O ggem) 00585 275 09264 00534 381 06404 0118 172
No Preprocessing
2 SNV 0.7719 0.0761 212 0.7365 0.1011 201 0.6802 0.1113 1.83
3 MSC 0.7675 0.0768 2.1 0.7088 0.1062 1.91 0.6447 0.1173 1.73
4 | Jge 0.8652 0.0585 2.75 0.9264 0.0534 3.81 0.6404 0118 1.72
First Derivative
5 ”)‘;‘% . 0.8652 0.0585 275 09264 0.0534 3.81 0.6404 0.118 1.72
Second Derivative
6 dju‘.JLc)j. 0.8623 0.0591 272 09294 0.0523 3.89 0.6379 0.1184 1.72
Normalisation
7 JW Ole 0.8574 0.0602 2.68 09135 0.0579 3.51 0.6208 0.1211 1.68
Moving Average
8 w_’s ’l‘s 0.7634 0.0775 2.08 0.8338 0.0802 253 05922 0.1256 1.62
Gaussian Filter
wlo b
9 0.8333  0.065 248 0.8613 0.0733 2.77  0.693 0.109 1.86

Median Filter
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Table 7- Results of the PLSR model on DT-PSO selected wavelengths for the Khoni plum variety with various spectral
preprocessing methods (8 components)

, o990 SR o9;!
TR 1>
N"O) Prf)ro):e‘;:a Training Validation Test
P g R2 RMSE RPD R2 RMSE RPD R2 RMSE RPD
I a .
1 SPERARO 09711 00681 595 09771 00647 683 08519 0158  2.68
No Preprocessing
2 SNV 0.8776 0.1402 2.89 0.9006 0.1348 3.28 0.6474 0.2438 1.74
3 MSC 0.8764 0.1409 2.87 0.8921 0.1405 3.14 0.6734 0.2347 1381
4 . J“’f‘“. 0.9711 0.0681 595 0.9771 0.0647 6.83 0.8519 0.158 2.68
First Derivative
5 P’D‘w_‘_ 0.9711 0.0681 595 0.9771 0.0647 6.83 0.8519 0.158 2.68
Second Derivative
Sy
6 D 0.9688 0.0707 5.72 0.9673 0.0773 5.71 0.8041 0.1817 2.33
Normalisation
7 : 0.9663 0.0735 551 0.9781 0.0633 6.97 0.8558 0.1559 2.72
Moving Average
8 “’”.’S’Jl"f 0.9499 0.0897 451 0.9752 0.0673 6.56 0.8592 0.154 2.75
Gaussian Filter
wlo yld
9 . i 0.6685 0.2307 1.76 0.7864 0.1976 2.23 0.8665 0.15 2.83
Median Filter
VoS- Siole
10 ‘5_’5 s 0.9529 0.0869 4.66 0.9669 0.0778 5.68 0.8684 0.1489 2.85
Savitzky-Golay
11 M”d% 0.953 0.0869 4.66 0.9563 0.0894 4.94 0.7655 0.1989 2.13
Detrending
/L_A .
12 05 025 550 0.9711 0.0681 595 0.9771 0.0647 6.83 0.8519 0.158 2.68

Mean Centering
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Table 8- Results of the ANN model on DT-PSO selected wavelengths for the Khormaei plum variety with various
spectral preprocessing methods

o399

093!

Ol o e
iy, TOE a5 s b Training Validation Test
No Preprocessing Best
network Rz RMSE RPD R2  RMSE RPD Rz RMSE RPD
topology
W . .
1 w’s’i‘"ﬁ”_x‘ 10 0.9061  0.0556 33 0.77 0.0837 215 0.7636 0.0769 2.12
No Preprocessing
2 SNV [55] 0.6931 0.1005 1.82 0.5664 0.115 157 0.7168 0.0842 1.94
3 MSC [tT01520] 0.7089 0.0979 187 0.6819 0.0985 1.83 0.3934 0.1232 1.33
l..‘.:.
4 ol g [105] 0.8761 0.0639 2.87 0.2986 0.1462 123 04863 0.1134 144

First Derivative



5 ”b&‘fu_ 5 0.8513 0.07 2.62 0.6064 0.1095 1.65 0.5551 0.1055 1.55
Second Derivative

6 < ,‘J’f 5 0.5963 0.1153 159 0.6315 0.106 1.7 0.548 0.1064 1.54
Normalisation
7 JW"&L" [5 5] 0.8585 0.0683 2.69 0.7666 0.0843 2.14 0.698 0.087 1.88
Moving Average
8 ‘5“95"1‘9 [10 10] 0.8972 0.0582 3.15 0.7017 0.0953 189 05976 0.1004 1.63
Gaussian Filter
9 é_lﬁ”ﬂ’_'s 5 0.8412 0.0723 254 0.6377 0.1051 172 0.7624 0.0771 212
Median Filter
VoS- S gl
10 ‘5_’5"5”" [15 15] 0.8885 0.0606  3.03 056  0.1158 156 0.6078 0.0991 1.65
Savitzky-Golay
11 H9) S [1515] 09167 00524 35 06407 0.1046 172 06433 00945 1.73
Detrending
Sl - .
12 Os5le 02,5 550 [55] 0.9089 0.0548 335 0.7673 0.0842 214 0.7291 0.0823 1.98

Mean Centering
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Table 9- Results of the ANN model on DT-PSO selected wavelengths for the Khoni plum variety with various spectral
preprocessing methods

O R 3 SN 095!
iy, 5313 510y a5 s b Training Validation Test
No Preprocessing Best
network R2 RMSE RPD R2 RMSE RPD R2 RMSE RPD
topology
r..l S .
1 ”")D’w‘“"”f\{ [20 5] 0.9889 0.0444 9.6 09674 0.0632 572 0.9808 0.0585 7.45
No Preprocessing
2 SNV [5 5] 0.9944 0.0316 1349 0.8877 0.1175 3.08 0.9621  0.082 5.31
3 MSC [10 10] 0.7944 0.1912 223 0.2903 0.2952 123 0.7587 0.2071 2.1
4 _J“’_w’_ [15 5] 0.9842  0.053 8.04 05508 0.2348 154 0.9332 0.109 4
First Derivative
F’b&%_ [20 5] 0.9765 0.0647 6.59 0.8437 0.1385 2.61 0.9157 0.1224 3.56
Second Derivative
< _“J’_J [10 10] 0.8451  0.166 257 0.6301 0.2131 1.7 0.8371 0.1701  2.56
Normalisation
S e 5:Sikie
7 ’m""& 5 0.9762 0.0651  6.55 0.946 0.0814 445 09804 0.0591 7.37
Moving Average
w?s’ﬂ"_g [20 5] 0.9722 0.0702 6.07 09012 0.1101 3.29 0.9834 0.0543 8.01
Gaussian Filter
wlo yld
9 . i [10 5] 0.8573 0.1593 2.67 0.1093 0.3307 1.09 0.8395 0.1689 258
Median Filter
N oS-
“5_5;“;’“"’“ [15 5] 0.9854  0.051 8.36 0.9629 0.0675 536 0.9826 0.0555 7.84
Savitzky-Golay
11 'U”d'_b [15 5] 0.9861 0.0497 858 0.8305 0.1443 251 0.9536 0.0908 4.8
Detrending

12 ""ﬂ"‘y’g"_s’” [101520] 0.9555 0.0889 479 0.8349 0.1424 254 09731 0.0692 6.29
Mean Centering
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Fig. 6. Scatter plot of the measured versus predicted pH values for the best ANN model on the test set for: (a) Khormaei
variety (network architecture 10, no preprocessing), (b) Khoni variety (network architecture [20 5])

3jbose 8T (PLSR aile) it slogsig, b dunlie dslitio slagsia 953 Ly sl
S5y (PH) (&S el plas jl a8 Slllas b4l ol aBlanugs sl Jte sladygliws e Jubo jglateds
Oty Sl 393 5 2Vl ot il S oslizal (HST) 4l 59 I o8y 59y 2 ANN e dianyr 3,Skee o240 c gy
Wb 431 disel cpl 3 3l g% Sl S @S (s P PH Cyope byl o3 33 s g i Sliins | guls
Golmohammadi et ) |,Ken 5 (gdoto J5 bauws idg} S5 9y sy dwlio oyl el oad 4o Waoge
2394x0 ;> Red Delicious 3 cuw PH (pe5s 1 » (@l., 2022 21y ANN ks i Jae @yus 5 (DT-PSO) Sy olswl
zoedob & 0w Sl e Qi () A plosl yiegil VY e e =¥



53,5 S R%E=4 /00 (Siiotds o yis Jold (g phnis ol
Jod s ey (> &S (I PH i 3 Flin—d Sk
P PH Gagie G5 Gille ay o3 v 09y 2Ll Gl
il o a1y () 9 o1 o) ot b (5 ppmue S (sloogse
P G5 M & 5 Vo L o3gi5me S eslitl o e
PLSR Juo jl ooliiwl )13 o jlis! o 1y olowsd (slaiiay 3y50
sobas Iy PH sl il lg Wl Jae a8 el o g las
oS (63ylgn y> a5 w5 o 1S SLb gosge cpl And Lider 5e
et e s il crwl piY e wl YU cdy 4 olawy G
S 329 Dbl 355 slocSuiSs LS > ANN sl (glass, iy,
g 03l <yl imgh 0 DT-PSO 5,54, b

PH (o)l adoj 53 (s34l Slalllas I glacgaome s alio
PH i 0 Vb cdd a4 oliws a5 ol (L reudgds boges
3pSlas el oile (Bl oot uliogee 13 5y GHlle Sy
&5 ol Gln ) plete sl Sl iagh ;> ANN Jus
ciy ]y s el Jae e ANN e 3,Slas 35 oo oaly3
22135 s pST 4 o (g yeNandy (65 4 )5 g0 s
Sl ol b (slogee )3 PH el (6l ga—d90 ol
» 1y DT-PSO Sy igy sluel o cpl o)l aul i
Wogse (&S 6503l sl adle 6150k sl Jse (5Lt
Sl s cwlin 308l 45 amd o lii ¢ 48 e 4l
J> lr e JBaly ANN (s e slacabl b ) lSull 3
el yesito PH gl)ls (slroges )3 (oriwiids o il

8 5 4o

g et by S byl g dewyi Baa b gk )
L (59 5 wled) ol pre o) 99 0 PH i sl 3
~Spe 039ie ) (bl ()l pe—ai (5)slid I el
o) e ygliwd e wy plosl & (VIiS-NIR) 005 50,8 490k
S 53 SiS5 gl oYU ey o 1imd Lt gy dalllns
isr slapiysl g il (il pgia slagbsy 3 38
Cuslmogee (&S olsd Wl g s b)) sl s gias
g il Slabyy Bl )y J—ols
(PLSR) (i cluye Bl (g )S) slae 3)Sdas (il
2 S (i (il Azt L] A D (LS ge-sga
o 53 (Jal ol Sl (S a8 (0 ] o <85 90
oEoR ol Camlrodly (VL o g (e oy (b slaodly
b oS5 53 (PSO) ) plosjl gjlwainge o ysNl 5l cuiidge L

2- Short-Wave InfraRed

als o 0 bl pyipg g 45,5 eolat wl ANN Juo jl (550
13 el Cewsty RMSE=+/ VA 3 RZ=/AA Jolid o)l
SANN Jao (505l R? 4 S35 sl Gimgly o0l RE &5 s
Ol ga—dgtr |y y3l Jho (550 &5 S)lhme Ll il (S5
4 b Jio RPD=A/Y & oliwd b .Cwl RPD (j2d L cad o
SVl iy draS onywy (o e Cpad g Gl e S
ol ] o 38> oS IS (sl o 2,90 RPD s
DT- (55 ) 5V 2l 5l (o8b Vel alas Mo LB (55
» b SlaShy jl aegenon; et oLl > PSO
sl (gm0 Sy ey g2 e B (Slo by, b dunglio
Slesla ol L (Zhiming et al., 2014) o )\Sen 5 S
Ver Y00 e odgiome 3 wbS Zga ¢ yuwg b ikl (5l guai
o Lz (e 4 25 e PH i sl gl
JoLs (SIPLS) "l 8o cslnesl (32 oy JBis 50,
Ybaas 5 Slas a8l o wd RMSEP=+/-YaA 4 R?=+/V\A
YL il sl ANN o by duglie )5 SIPLS Jas
o b sl Goghe ¢lp (b slais
9 (42l z99) SWIR T abo e391500 e 51455 oo 15T laogeo
o Jso Ll sl C-H 5 O-H clading o)l soge SleMb)
ot olee ad pé Lals, )5 s EPLSR 4 SIPLS wiile s
Jde &S o5 b0 faiuns Y CBd b ogee PH 5 Lads SleMb
Wl 03,8 o pie |y o cudibge b pols imgh DANN
D> Libgl s (Purwanto et al., 2013) ) San 5 53lg)s
Voo omYFer 0jl )0 e el 3 NIR oxweib jl okl |
Gedong Gincu 8, 4l pH i !y 1) PLS Jdo g gl
)51 3Bl Cawd RP=4 AV Siisad o pud 4 g L5305 drngs
e (sl i 03950 13 sl PH oG gl om0
s 5l pombs elpeds Lol oS o0 )8 (Slodde Sisyo—w 4
e 45 B> 5D glis oyl vl (yg05] dlspo y3 yuols ANN e
St Caenl y aSl o)l o)Wl PH b Laily) (Jas i conlo &
b e o olgisdy PLS Jao S o 08T slal 58> Lials
3l g Jlcloal 4 by po clo Ui (S Sl 00
NIR 639450 53 | (15,38 oo 55l PH ; Lositi s 45) sy l-i3
DT-PSO ;| o3l ol L Lo oo ¢ Jiliio 55 .35 S5 ol psboas
ol 03y 3)lg ANN a |y cjudyy 5 sy cleMbl Ly
5 55 s ]y oy Lailsy ol i 3l oo ol |, ANN o
A5 il e s (slo S
L > oge PH oLl ,o (Pu et al., 2016) | )\San 4 o
PLSR Jio g yiogli Yo v =YD+ odgdzme pd HSI jl oolar .l

1- Synergy Interval Partial Least Squares



998 0,lods o oo (53y9LiS o iilo 4 pis S

b alaiedgn sl Lials o abl b (o))3 0 peai 4ilygles 3ual5 L
JKal, Sy ANN b s i 458, iy ()l Jie s DT-PSO

...\b.)uﬁ

e 2,8 b gy K lgisas (DT-PSO) paoias iy
wiyoSdl Dy 0yt Yo slazge Job sl g Laodls slal yials
logse oo ol dnsise Sass Kt il 3525 LPSO
G dy g 03,8 baas 38 0 ) galdS wleMb] as” 1S sl |
Ao calyy ) i e (gdn gl Jde 0 Yl ol
&9 » (ANN) coino oac claaSi 5 5 PLSR »Ske

89l o el o) (55l parde tmdges (bl pie
adgl oo duns g zlyctnl (@bt (gilw pgaal c0dly bloys ol
‘d)l—w_'ﬁ}e("-" WCapdo g UJUGJ DM )yu»L_C c_c_wy

Lilgy sibwde ) 1) ANN ySesier (65 p asitia slaggesb
L PLSR (sla Jus 45 s 55 .ol Sl Las i g odomn
il ANN 3l 1) o l5 5,Slae iie (clogse Jsb
ASd A (Sxloxe rimed b Cawd (6 VL jla glacs &
L2 M (B dagg)p g Ol Y A Jold (pas
dalllas pl cdoME jobay 58 ] b Jio oyl s ailusy jiSlas

ke iy g i liel e glol oo ¢ 8 0 yalie

References

1.

10.

11.

12.

13.

Alam, S., Dobbie, G., Koh, Y. S,, Riddle, P., & Rehman, S. U. (2014). Research on particle swarm optimization
based clustering: a systematic review of literature and techniques. Swarm and Evolutionary Computation, 17, 1-13.
https://doi.org/10.1016/j.swev0.2014.02.001

Ayub, H., Nadeem, M., Mohsin, M., Ambreen, S., Khan, F. A., Oranab, S., Rahim, M. A., Zubair khalid, M., Zongo,
E., & Zarlasht, M. (2023). A comprehensive review on the availability of bioactive compounds, phytochemicals,
and antioxidant potential of plum (Prunus Domestica). International Journal of Food Properties, 26(1), 2388-2406.
https://doi.org/10.1080/10942912.2023.2249254

Chang, C.-W., Laird, D. A., Mausbach, M. J., & Hurburgh, C. R. (2001). Near-infrared reflectance spectroscopy—
principal components regression analyses of soil properties. Soil Science Society of America Journal, 65(2), 480-
490. https://doi.org/10.2136/sssaj2001.652480x

Dorigo, M., Birattari, M., & Stutzle, T. (2006). Ant colony optimization. IEEE computational intelligence magazine,
1(4), 28-39.Kashan, A. H. (2014). League Championship Algorithm (LCA): An algorithm for global optimization
inspired by sport championships. Applied Soft Computing, 16, 171-200. https://doi.org/10.1016/j.as0c.2013.12.005
Gao, S., & Xie, W. (2024). SSC and pH prediction and maturity classification of grapes based on hyperspectral
imaging. Smart Agricultural Technology, 8, 100457. https://doi.org/10.1016/j.atech.2024.100457

Golmohammadi, A., Tahmasebi, M., & Razavi, M. S. (2022). Near infrared hyperspectral imaging for non-
destructive determination of pH value in red delicious apple fruit during shelf life. Innovative Food Technologies,
9(2), 99-111. https://doi.org/10.22104/jift.2021.5124.2059

Hasanzadeh, B., Abbaspour-Gilandeh, Y., Soltani-Nazarloo, A., Hernandez-Hernandez, M., Gallardo-Bernal, I., &
Hernandez-Hernandez, J. L. (2022). Non-destructive detection of fruit quality parameters using hyperspectral
imaging, multiple  regression analysis and artificial intelligence. Horticulturae, 8(7), 598.
https://doi.org/10.3390/horticulturae8070598

Huang, H., Liu, L., & Ngadi, M. O. (2014). Recent developments in hyperspectral imaging for assessment of food
quality and safety. Sensors, 14(4), 7248-7276. https://doi.org/10.3390/s140407248

Kashan, A. H. (2014). League Championship Algorithm (LCA): An algorithm for global optimization inspired by
sport championships. Applied Soft Computing, 16, 171-200. https://doi.org/10.1016/j.as0c.2013.12.005
Kavuncuoglu, E., Cetin, N., Yildirim, B., Nadimi, M., & Paliwal, J. (2023). Exploration of machine learning
algorithms for pH and moisture estimation in apples using VIS-NIR imaging. Applied Sciences, 13(14), 8391.
https://doi.org/10.3390/app13148391

Khodabakhshian, R., & Baghbani, R. (2025). Non-destructive Internal Quality Evaluation of Apple Fruit Using X-
ray CT. Journal of Agricultural Machinery. (in Press). https://doi.org/10.22067/jam.2025.90983.1317

Latifi Amoghin, M., Abbaspour-Gilandeh, Y., Tahmasebi, M., & Arribas, J. I. (2024a). Automatic non-destructive
estimation of polyphenol oxidase and peroxidase enzyme activity levels in three bell pepper varieties by Vis/NIR
spectroscopy imaging data based on machine learning methods. Chemometrics and Intelligent Laboratory Systems,
105137. https://doi.org/10.1016/j.chemolab.2024.105137

Latifi Amoghin, M., Abbaspour-Gilandeh, Y., Tahmasebi, M., Kaveh, M., ElI-Mesery, H. S., Szymanek, M., &
Sprawka, M. (2024b). VIS/NIR Spectroscopy as a Non-Destructive Method for Evaluation of Quality Parameters
of Three Bell Pepper Varieties Based on Soft Computing Methods. Applied Sciences, 14(23), 10855.
https://doi.org/10.3390/app142310855


https://doi.org/10.1016/j.swevo.2014.02.001
https://doi.org/10.1080/10942912.2023.2249254
https://doi.org/10.2136/sssaj2001.652480x
https://doi.org/10.1016/j.asoc.2013.12.005
https://doi.org/10.1016/j.atech.2024.100457
https://doi.org/10.22104/jift.2021.5124.2059
https://doi.org/10.3390/horticulturae8070598
https://doi.org/10.3390/s140407248
https://doi.org/10.1016/j.asoc.2013.12.005
https://doi.org/10.3390/app13148391
https://doi.org/10.22067/jam.2025.90983.1317
https://doi.org/10.1016/j.chemolab.2024.105137
https://doi.org/10.3390/app142310855

14.
15.

16.

17.

18.

19.
20.
. Pu, H., Liu, D., Wang, L., & Sun, D.-W. (2016). Soluble solids content and pH prediction and maturity

22.

23.

24,

25.

26.

217.

28.

29.

30.

Liu, J., Sun, J., Wang, Y., Liu, X,, Zhang, Y., & Fu, H. (2025). Non-Destructive Detection of Fruit Quality:
Technologies, Applications and Prospects. Foods, 14(12), 2137. https://doi.org/10.3390/foods14122137

Liu, Y., Wang, H., Fei, Y., Liu, Y., Shen, L., Zhuang, Z., & Zhang, X. (2021). Research on the prediction of green
plum acidity based on improved XGBoost. Sensors, 21(3), 930. https://doi.org/10.3390/s21030930

Majeed, R., & Jawandha, S. (2016). Enzymatic changes in plum (Prunus salicina Lindl.) subjected to some chemical
treatments and cold storage. Journal of Food Science and Technology, 53, 2372-2379.
https://doi.org/10.1007/s13197-016-2209-9

Masoudi-Sobhanzadeh, Y., & Motieghader, H. (2016). World Competitive Contests (WCC) algorithm: A novel
intelligent optimization algorithm for biological and non-biological problems. Informatics in Medicine Unlocked, 3,
15-28. https://doi.org/10.1016/j.imu.2016.06.002

Masoudi-Sobhanzadeh, Y., Motieghader, H., & Masoudi-Nejad, A. (2019). FeatureSelect: a software for feature
selection based on machine learning approaches. BMC Bioinformatics, 20, 1-17. https://doi.org/10.1186/s12859-
019-2754-0

McGlynn, W. (2010). Importance of food pH in commercial canning operations [superseded].

Narendra, K. S., & Thathachar, M. A. (2012). Learning automata: an introduction. Courier corporation.

discrimination of lychee fruits using visible and near infrared hyperspectral imaging. Food Analytical Methods, 9,
235-244. https://doi.org/10.1007/s12161-015-0186-7

Purwanto, Y .A., Zainal, P. W., Ahmad, U., Sutrisno, M., Makino, Y., Oshita, S., Kawagoe, Y., & Kuroki, S. (2013).
Non destructive prediction of pH in mango fruit cv. Gedong Gincu using NIR spectroscopy. International Journal
of Engineering and Technology, 13, 70-73.

Rahman, A., Kandpal, L. M., Lohumi, S., Kim, M. S., Lee, H., Mo, C., & Cho, B.-K. (2017). Nondestructive
estimation of moisture content, pH and soluble solid contents in intact tomatoes using hyperspectral imaging.
Applied Sciences, 7(1), 109. https://doi.org/10.3390/app7010109

Razavi, M .S., Sharabiani, V. R., Tahmasebi, M., Grassi, S., & Szymanek, M. (2025). Chemometric and meta-
heuristic algorithms to find optimal wavelengths and predict ‘Red Delicious’ apples traits using Vis-NIR. Applied
Food Research, 5(1), 100853. https://doi.org/10.1016/j.afres.2025.100853

Trendafilova, A ,.lvanova, V., Trusheva, B., Kamenova-Nacheva, M., Tabakov, S., & Simova, S. (2022). Chemical
composition and antioxidant capacity of the fruits of European plum cultivar “Cacanska Lepotica” influenced by
different rootstocks. Foods, 11(18), 2844. https://doi.org/10.3390/foods11182844

Wang, X., Xu, L., Chen, H., Zou, Z., Huang, P., & Xin, B. (2022). Non-destructive detection of pH value of kiwifruit
based on hyperspectral fluorescence imaging technology. Agriculture, 12(2), 208.
https://doi.org/10.3390/agriculture12020208

Weng, S., Yu, S., Guo, B., Tang, P., & Liang, D. (2020). Non-destructive detection of strawberry quality using
multi-features  of  hyperspectral imaging and multivariate  methods.  Sensors, 20(11), 3074.
https://doi.org/10.3390/s20113074

Zhang, Z., Cheng, H., Chen, M., Zhang, L., Cheng, Y., Geng, W., & Guan, J. (2024). Detection of Pear Quality
Using Hyperspectral Imaging Technology and Machine Learning Analysis. Foods, 13(23), 3956.
https://doi.org/10.3390/foods13233956

Zhiming, G., Wengian, H., Liping, C., Yankun, P., & Xiu, W. (2014). Shortwave infrared hyperspectral imaging for
detection of pH value in Fuji apple. International Journal of Agricultural and Biological Engineering, 7(2), 130-
137. https://doi.org/10.3965/j.ijabe.20140702.016

Zhu, H., Chu, B., Fan, Y., Tao, X., Yin, W., & He, Y. (2017). Hyperspectral imaging for predicting the internal
quality of kiwifruits based on variable selection algorithms and chemometric models. Scientific Reports, 7(1), 7845.
https://doi.org/10.1038/s41598-017-08509-6


https://doi.org/10.3390/foods14122137
https://doi.org/10.3390/s21030930
https://doi.org/10.1007/s13197-016-2209-9
https://doi.org/10.1016/j.imu.2016.06.002
https://doi.org/10.1186/s12859-019-2754-0
https://doi.org/10.1186/s12859-019-2754-0
https://doi.org/10.1007/s12161-015-0186-7
https://doi.org/10.3390/app7010109
https://doi.org/10.1016/j.afres.2025.100853
https://doi.org/10.3390/foods11182844
https://doi.org/10.3390/agriculture12020208
https://doi.org/10.3390/s20113074
https://doi.org/10.3390/foods13233956
https://doi.org/10.3965/j.ijabe.20140702.016
https://doi.org/10.1038/s41598-017-08509-6

