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A B S T R A C T   

In recent decades, the development of non-destructive measurement methods for agricultural 
commodities has gained a lot of attention among scientists, but these techniques have different 
levels of accuracy for each instrument used. Therefore, this study aimed to compare the predic
tion accuracy of natural pigments, such as Total Carotenoid Content (TCC) and Total Flavonoid 
Content (TFC) using a color spectrophotometer and Visible/Near-Infrared (Vis/NIR) spectroscopy 
(381–1065 nm). The effect of ethephon concentration on the spectral characteristics and the 
accuracy of predicting pigments was studied. The samples used include cucumber fruit, which 
consisted of the ’Mars’, ’Vanesa’, and ’Roberto’ varieties. During the planting of the fruit, 
ethephon was applied at different concentrations of 0 ppm, 150 ppm, and 300 ppm. The results 
showed that the best accuracy for predicting TCC was obtained through a color spectropho
tometer (Rcal = 0.89, Rpred = 0.90, RPD = 2.44), while the best prediction for TFC was the Vis/ 
NIR spectroscopy (Rcal = 0.86, Rpred = 0.83, RPD = 1.78). Furthermore, the ethephon affects the 
spectral characteristics of cucumber fruit. Ethephon concentration of 150 ppm produced the 
highest accuracy value compared to others. This study proved that the use of non-destructive 
measurement methods with a color spectrophotometer and Vis/NIR spectroscopy has good per
formance in predicting TCC and TFC. The techniques are also easy to use, do not require 
chemicals, and have high accuracy.   

1. Introduction 

Cucumber (Cucumis sativus) is a horticultural commodity that is widely grown in many countries, and various varieties are often 
cultivated commercially. Furthermore, each of them has different qualities including size, shape, and color. In Indonesia, the ’Mars’, 
’Vanesa’, and ’Roberto’ varieties are often cultivated. Several studies revealed that cucumber is a source of natural antioxidants, and 
they help to counteract free radicals. Natural pigments, such as carotenoids and flavonoids are antioxidant compounds, which serve as 
secondary metabolites. They have several functions throughout the plant life cycle and strong antioxidant activity [1]. Cucumber 
contains 26.23 mg/100g–236 mg/100g carotenoid and 86.50 mg/100g–218.15 mg/100g flavonoid compounds that can nourish the 
body [2,3]. These compounds have strong antioxidant activity, hence, they can reduce various risks of chronic and degenerative 
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diseases caused by oxidative stress [4]. 
Previous reports revealed that there has been a consistent increase in the production and quality of cucumber by farmers and 

studies. Plant growth regulators (PGRs), such as ethrel can improve the quality compound of agricultural products. The active 
ingredient in ethrel is ethephon, and its administration increased the number of female flowers [5]. This increase is expected to be 
directly proportional to the production of the plant. Gao et al. [6] also stated that the number of female flowers has a positive cor
relation with the number of fruits per plant, while Bajaj et al. [7] revealed that an increment led to higher fruit yield. The adminis
tration of ethephon can help increase the amount of natural pigments in fruits. Furthermore, Uchanski and Blalock et al. [8] stated that 
its application improved pigmentation. This finding is consistent with Puech et al. [9] that pigment changes were related to the 
application of ethephon. Shafiq et al. [10] stated that the initial stages of biosynthesis for the formation of flavonoids require the 
presence of ethylene. 

Analysis of natural pigment content is often carried out on a laboratory/destructive analysis. Based on previous findings, the 
majority of quantitative analysis of measurements for testing carotenoids and flavonoids are performed using spectrophotometer 
evaluation, but it caused damage during the extraction process. Measurements of carotenoids and flavonoids are often carried out 
using wet/dry sample extraction [11–15]. However, these methods are time-consuming and require sample preparation as well as 
other chemicals. To avoid pigment oxidation during extraction, it is necessary to develop an analytical method that is affordable, and 
reliable, [16]. Spectroscopy is a method that uses non-destructive technology and can be used to overcome these problems. There are 
various types including Fourier-Transform Infrared (FTIR), Near-Infrared (NIR), Ultraviolet–Visible (UV/Vis), Visible/Near-Infrared 
(Vis/NIR), Nuclear Magnetic Resonance (NMR), Raman, and X-ray spectroscopies. These technologies have been used to quantita
tively detect various ingredients in agricultural products [17–26]. The differences between the various types of spectroscopy usually 
depend on the wavelength, the type of sample, and the analytical parameters required. Vis/NIR spectroscopy has a wavelength that is 
closely related to color, which can be measured with a spectrophotometer. 

A color spectrophotometer was used to determine the quantitative value of fruit skin coloration. In vegetables or fruit, skin color is 
an important component because it can serve as an indicator of freshness/maturity. The values displayed from the color spectro
photometer include L*, a*, and b*, while Vis/NIR spectroscopy produced absorbance values [27,28]. It is interesting to be able to 
compare the accuracy of natural pigment prediction models from color spectrophotometer and Vis/NIR spectroscopy, which have 
similar wavelength. Color spectrophotometer can make prediction based on color variables (L*, a*, and b*), while Vis/NIR spec
troscopy is based on spectral (absorbance) variables. Vis/NIR spectroscopy has been used to make prediction model for natural pig
ments in agricultural products. Several studies also revealed that spectroscopy technology has succeeded in predicting the content of 
flavonoids [29,30] and carotenoids [31,32]. Furthermore, previous studies have compared predictions based on color and spectra 
together. Tilahun et al. [16] and Goisser et al. [33] carried out a comparison between the use of color variables and Vis/NIR spectra on 
the parameters of natural pigments (lycopene and β-carotene) in tomato, which is a climacteric fruit. The color spectrophotometer 
yielded sufficient accuracy (lycopene, Rcv

2 = 0.94 and β-carotene Rcv
2 = 0.74), whereas Vis/NIR spectroscopy resulted comparable 

accuracy (lycopene, Rcv
2 = 0.74 dan β-carotene R cv

2 = 0.94). Hence, our study was done on cucumber. To the best of our knowledge, no 
study has predicted natural pigments such as total carotenoids and flavonoids using color variables (color spectrophotometer) and 
Vis/NIRS spectra (Vis/NIR spectroscopy) of various cucumber varieties. The Vis/NIRS spectra of cucumber subjected to various 
ethephon concentrations and as well as the effect of the ethephon concentration on the accuracy of prediction models have never been 
studied. 

Therefore, this study aimed to compare the prediction accuracy of the Total Carotenoids Content (TCC) and Total Flavonoids 
Content (TFC) in multi-variety cucumbers using a color spectrophotometer and Vis/NIR spectroscopy. The effect of the cultivation 
techniques in the field on the accuracy of the multi-variety cucumber model was also assessed. It is important to evaluate the influence 
of various ethephon concentrations on the spectral characteristics and accuracy values for TCC and TFC. Each variety of cucumber at 
each ethephon concentration was also classified to determine the similarities or differences in the characteristics of each treatment. 

2. Materials and methods 

2.1. Sample material 

Planting was carried out in a screen house with a height of 829 m above sea level. The cucumbers used include varieties of ’Mars’, 
’Vanesa’, and ’Roberto’. A total of 10 mL of ethephon with different concentrations of 0, 150, and 300 ppm was applied to all parts of 
the samples at 21 Days After Planting (DAP) on all parts. The same cultivation techniques were applied to the varieties, except for the 
concentration of ethephon. A total of 100 cucumbers were used in this study, and they were divided into calibration and prediction sets 
with a total of 70 and 30 samples, respectively. The samples were harvested at the same maturity stage. Laboratory analysis was then 
carried out at the Laboratory of Horticulture, Faculty of Agriculture, Universitas Padjadjaran, Indonesia. 

2.2. Color measurement 

Samples of fruit that have been harvested were cleaned and cut off their stalks. Measurement of color of the whole cucumber was 
carried out on different positions, namely the top, middle, and bottom, and the average was then obtained. Color was described with 
L*, a*, and b* values using a CM-600d color spectrophotometer (Konica Minolta Inc., Japan). L* refers to brightness, while a* and b* 
represent green-red and blue-yellow gradations, respectively [17]. Furthermore, the color value in this study was used as a predictor. 
The calibration and prediction sets were used to assess the performance of TCC and TFC regression models. 
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2.3. Vis/NIR spectra measurement 

The portable NirVana AG410 spectrometer (Integrated Spectronics Pty, Ltd, Australia) was used to collect Vis-NIR spectra with 
spectral sample intervals of 3 nm and wavelengths of 381–1065 nm. The Vis-NIR spectra were measured at 6 different points, namely, 
at the top, middle, and bottom on 2 different sides, and the values obtained were averaged for each sample. Further, each spectral 
measurement was carried out for 6–8 s. The Vis/NIR spectra were measured at the same spots, where color evaluation was performed. 
After the collection of spectra data, the data were transferred to a laptop. Then, the data were interpreted using the Integrated Software 
for Imagers and Spectrometers (Integrated spectronics Pty, Ltd, Australia). The software automatically processed the Vis/NIR spectra 
into absorbance data [34–36]. 

2.4. Reference measurement: TCC and TFC 

TCC and TFC were measured using a UV/Vis spectrophotometer (Shimadzu UV mini-1240, Tokyo, Japan), and the extract used was 
obtained from dry samples. The sample was weighed as much as 0.05g and placed in a 10 mL vial, followed by the addition of 10 mL 
acetone. It was then placed in the sonication apparatus (Ultrasonic Cleaner BK-2000 Guangzhou, China) for 15 min at 33 ◦C. The 
extraction results were transferred into a 10 mL Eppendorf tube using a micropipette, followed by centrifugation (Corona 80-2 
Centrifuge) at 4000 rpm for 10 min. The samplewas then measured using a UV–Vis spectrophotometer (Shimadzu UV mini-1240, 
Tokyo, Japan) with a wavelength of 449 nm [37]. 

TFC analysis was carried out on the results of dry sample extraction. The same extraction method was used to determine TCC, but 
the chemical solvent was ethanol. A total of 1 mL of the extracted sample was placed into a 5 mL volumetric flask, followed by the 
addition of 0.5 mL AlCl3, 0.5 mL acetic acid, and 3 mL ethanol. The solution was shaken until it was mixed, and then incubated for 30 
min at room temperature. Absorbance was measured using a UV–Vis spectrophotometer (Shimadzu UV mini-1240, Tokyo, Japan) with 
a wavelength of 415 nm [38]. TCC and TFC were obtained as mg/100g dry weight by comparing the sample values with the β-Carotene 
and quercetin standard curve for TCC and TFC, respectively. 

2.5. Data analysis 

Calibration model including three varieties and three different ethephon concentrations were constructed using the Partial Least 
Square Regression (PLSR). Calibration and prediction sets were then randomly selected. Data analysis was carried out using The 
Unscrambler X 10.4 (Camo Software USA, Oslo, Norway) for further evaluation. In developing the model, an analysis was carried out 
to assess the linear relationship between reference measurements using color measurements and reference measurements with Vis/NIR 
spectra. The statistical indicators used to evaluate the performance of the developed PLSR model include the correlation coefficient on 
the calibration set (Rcal), Root Mean Square Error of the Calibration set (RMSEC), Correlation coefficient on the prediction set (Rpred), 
Root Mean Square Error of the Prediction set (RMSEP) and Ratio of Prediction to Deviation (RPD) [39]. The laboratory analysis 
processes conducted during the study are described in Fig. 1. 

Fig. 1. Illustration of experimental procedures using a color spectrophotometer and Vis/NIR spectroscopy for TCC and TFC in cucumbers fruit. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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3. Results and discussion 

3.1. Spectra of various varieties in different ethephon concentrations 

Fig. 2 displays the absorbance spectra of cucumber samples in the Vis.NIR range. Fig. 2a depicts a spectrum representation for each 
variety, while Fig. 2b depicts the first, second, and third PCs of the loading plot. Fig. 2a shows the average absorbance value of each 
variety with different ethephon concentration. The absorbance spectra of cucumber varieties ‘Mars’, ’Vanesa’, and ’Roberto’ are 
illustrated in Fig. 2b, which shows the presence of peaks at 495 nm 615 nm 912 nm. The wavelengths of 495 nm and 615 are closely 
related to pigment, especially the content of beta-carotene and chlorophyll. The 475 nm region is a strong absorption area for beta- 
carotene, which has a yellow to orange-red color, while 680 nm is for chlorophyll [40]. Meanwhile, the wavelength of 912 nm is 
closely related to the absorption of water and starch. The results also showed that the water property caused by the O–H bonds and 
starch can be detected at 970 nm [41,42,43] The recorded spectrum contributes to the presence of organic substances, as inferred from 
the spectral bands that arise from the interaction between molecular bonds such as O–H, C–H, C–O, and N–H with the incoming 
radiation. The vibrational energy changes visible in these interactions encompass two distinct vibration patterns: stretch vibration and 
bend vibration. The Vis/NIR spectra of cucumber exhibit distinct absorbance bands according to the presence of prominent pigments, 
water, and starch. These spectral differences were caused by variations in variety and ethephon concentration. The study observed that 
certain wavelengths, specifically the peaks and valleys of the spectrum, were identified as significant or influential in contributing to 
the models. The spectrum patterns are also similar, but the level of absorbance was different. The similarities or differences of each 
spectrum group can be visualized with the Principal Component Analysis (PCA) method. The principle of PCA is to combine previously 
associated data into new variants to find variations across the samples [44]. 

3.2. Development of calibration model of various varieties in different ethephon concentrations 

Classification was carried out using PCA to visualize products based on their characteristics. PCA is widely employed as the primary 
technique for qualitative analysis of Vis/NIR spectral data. This method is specifically useful for product separation and grouping 
purposes. PCA is widely utilized in data synthesis because of its ability to identify the principal components (PCs) that capture the 
highest variance in Vis/NIR spectroscopic data. These PCs can potentially replace wavelength as an input in data analysis. The uti
lization of a PCA score plot was applied to identify potential outliers by means of Hotelling’s T2 statistics. Additionally, it was used to 
conduct an unsupervised classification of cucumber samples that varied in cultivars and ethephon concentrations. Furthermore, Fig. 3 
shows the results of PCA and Multiplicative Scatter Correction (MSC) visualization. The clustering process was visualized based on 
color reference data (Fig. 3 a, c, and e) and Vis/NIR spectra (Fig. 3 b, d, and f). In the ’Mars’ variety grouping, various concentrations of 
ethephon yielded 75 % PC1 and 25 % PC2 in Fig. 3a. The process also successfully classified 73 % in PC1 and 21 % in PC2, as shown in 
Fig. 3b. The yields for the ’Vanesa’ variety with yielded 89 % for PC1 and 10 % for PC2 in Fig. 3c as well as 78 % for PC1 and 15 % for 
PC2 in Fig. 3d. ’Roberto’ was successfully classified with a PC1 value of 96 % and 3 % PC2 in Fig. 3e as well as 54 % PC1 and 23 % PC2 
in Fig. 3f. Based on these findings, each ethephon concentration for the 3 varieties can be separated properly. The results showed that 
each sample in this study did not overlap and was perfectly separated. Furthermore, the combination of PC1 and PC2 showed good 
results because the value obtained was >70 %. A two-dimensional score scatters plot can be used to visualize PCA findings because PC1 
and PC2 combination explained more than 70 % of the total variance [45]. 

In this study, the dynamics of the accuracy of each model for ethephon concentrations were also studied. Furthermore, Table 1 
showed the models, which were obtained from a combination of various varieties. The best result was recorded at 150 ppm ethephon 
for the 2 parameters predicted using a color spectrophotometer or Vis/NIR spectroscopy. In the prediction results using a color 
spectrophotometer for TCC and TFC, models with sufficient accuracy were obtained. In TCC, the results were Rcal (0.92), Rcv (0.92), 

Fig. 2. Average spectra from each variety and ethephon concentrations using Vis/NIR spectroscopy and loading plot of first two three PCs.  
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RMSEC (48.99), RMSECV (52.44), and Dcv (3.45), while in TFC Rcal (0.84), Rcv (0.84), RMSEC (45.29), RMSECV (49.32), and Dcv 
(4.03) were recorded. Accuracy values using Vis/NIR spectroscopy obtained the model with the highest accuracy value. In TCC, the 
accuracy values for Rcal were 0.93, RMSEC 44.30, Rcv 0.91, RMSECV 51.27, and Dcv 6.97, while TFC gave Rcal 0.92, RMSEC 33.39, Rcv 
0.87, RMSECV 41.67 and Dcv 8.28. These results showed that the specified model was not overfitted or under fitted based on the values 
of Rcal, Rpred, and Rcv, which were close [46]. 

The application of ethephon at various concentrations produced a dynamic trend, as shown in Table 1. The accuracy of the pre
dicted Rcal and Rcv values using the color spectrophotometer and Vis/NIR spectroscopy was partly dominated by an increasing trend at 

Fig. 3. Classification PCA + MSC from each cultivar with different ethephon concentrations using color spectrophotometer (a, c, and e), and Vis/ 
NIR spectroscopy (b, d, and f). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 

Table 1 
Statistics for Model Predictions of TCC and TFC from each Ethephon Concentration using Color Spectrophotometer and Vis/NIR Spectroscopy.  

Instruments Quality Ethephon Rcal RMSEC Rcv RMSECV Dcv 

Color spectrophotometer TCC 0 ppm 0.85 60.56 0.86 63.45 2.89 
150 ppm 0.92 48.99 0.92 52.44 3.45 
300 ppm 0.93 44.30 0.91 48.52 4.22 

TFC 0 ppm 0.86 34.36 0.81 39.07 4.71 
150 ppm 0.84 45.29 0.84 49.32 4.03 
300 ppm 0.86 39.37 0.83 45.30 5.93 

Vis/NIR spectroscopy TCC 0 ppm 0.89 51.57 0.87 61.05 9.48 
150 ppm 0.93 44.30 0.91 51.27 6.97 
300 ppm 0.91 48.12 0.87 57.44 9.32 

TFC 0 ppm 0.84 36.47 0.78 44.85 8.38 
150 ppm 0.92 33.39 0.87 41.67 8.28 
300 ppm 0.83 43.48 0.65 56.68 13.2 

Dcv: the difference between RMSECV and RMSEC. 
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150 ppm. The value of the difference between RMSECV and RMSEC (Dcv) was also evaluated in this study. In the color spectropho
tometer, the higher the ethephon concentration, the higher the Dcv value. Meanwhile, in the Vis/NIR spectroscopy, the lowest Dcv 
value was recorded at 150 ppm. Good models are characterized by low RMSEC, RMSEP, and RMSECV, as well as high Rcal, with little 
difference between RMSEC and RMSECV/RMSEP (Dcv) [47,48]. 

3.3. Measured data and model comparison between two instruments 

Carotenoids and flavonoids are important qualities of cucumber fruit. These two parameters are part of natural pigments. 
Generally, fruit and vegetables are rich in carotenoids. On the other hand, flavonoids, characterized by their polyphenolic structure, 
are an essential secondary metabolite. Flavonoids are recognized for their beneficial benefits on health and are an essential element in 
a range of nutraceutical, pharmacological, medical, and cosmetic uses. The reference data used in this study are show in Table 2. In the 
calibration set, the smallest TCC value was 3.86 mg/100g, while the highest was 410.68 mg/100g, with an average of 112.75 mg/100g 
as well as an SD of 120.83 mg/100g. Meanwhile, in the prediction set, the smallest and highest TCC values were 13.78 mg/100g and 
390.32 mg/100g, respectively with an average of 132.40 mg/100g as well as an SD of 126.54 mg/100g. In TFC, the calibration ranged 
from 26.12 to 349.84 mg/100g with an average of 120.45 mg/100g and an SD of 81.01 mg/100g. In the prediction set, it ranged from 
52.66 to 330.73 mg/100g with a mean of 133.26 as well as an SD of 78.68 mg/100g. 

Cucumber samples were subjected to PLSR to create prediction models for TCC and TFC. The PLSR approach is commonly used for 
the calibration of Vis/NIR spectroscopy. The PLSR algorithm is relevant due to its unique characteristic of incorporating reference and 
predicted variables, distinguishing it from other linear regression algorithms. During the calibration process, PLSR was optimized 
using a cross-validation technique. The optimization was based on identifying the lowest minimum root mean square error cross- 
validation value for the corresponding latent variable. The prediction set applied a methodology of analyzing independent samples 
to make predictions for other cases. PLSR typically has the benefit of effectively addressing the challenges posed by irrelevant and 
noisy variables. Based on the statistical indicators from the prediction of TCC and TFC values using a color spectrophotometer and Vis/ 
NIR spectroscopy, there was only a slight difference in accuracy, as shown in Table 3. The models developed from both methods have 
sufficient accuracy (Rcal and Rpred ≥ 0.76 and RPD ≥1.56). The poor prediction and discrepancy were indicated by RPD <1.5, while 
values between 1.5 and 2 indicate the ability of the model to distinguish between low and high response variables. RPD values of 2 and 
2.5 show the ability to make rough quantitative predictions, while values 2.5 and 3 or more indicate good and excellent prediction 
accuracy [49,50]. Based on this classification, the results obtained from these two methods for the prediction of TCC and TFC were 
considered good. Prediction using color and spectra variables allows quantitative detection of TCC and TFC from cucumber fruit. This 
shows that non-destructive measurements can be used to detect fruit quality accurately, quickly, and easily. The use of a color 
spectrophotometer and Vis/NIR spectroscopy makes it easy to detect the quality of agricultural products. These methods do not require 
chemicals as well as a multi stages process. Non-destructive measurement allows for on-site analysis, has a low maintenance cost, 
requires only small sample volumes, and does not cause destruction of the sample [51,52]. 

According to Table 4, showing the correlation coefficient for concentrations with color (L*,a*, and b*) and pigments (TCC and 
TFC). The correlation coefficient is a statistical measure that quantifies the strength and direction of the linear relationship between 
two variables. When the correlation coefficient is close to 0, it suggests a weak or no correlation, whereas values close to 1 or -1 indicate 
a strong positive or negative linear correlation, respectively. The study produced both negative and positive correlation coefficient 
values. Color, TCC, and TFC have a strong correlation with each other. This can be observed from the correlation coefficients. TCC and 
TFC are natural pigments known for their important role in the appearance of a wide range of colors displayed by different fruits. 
However, these chemicals are mostly correlated with biochemical activities in plants. 

The scatter plots generated from the most optimal model (Figs. 4 and 5) demonstrate that the slope of the curve closely approx
imates the ideal 45◦, suggesting that the projected TCC and TFC exhibit minimal bias in relation to the measured TCC and TFC. The 
study observed an array of actual TCC and TFC, which perhaps had a favorable impact on the model’s performance. A broader sample 
range could potentially lead to improved model performance. The most optimal correlation observed between the reference data and 
the Vis/NIR spectra data is often achieved by the application of PLSR throughout the regression procedure. The main goal of the PLSR 
is to identify the optimal correlation between the reference data and the Vis/NIR spectra data in the regression analysis. The closeness 
of the data distribution to the regression line indicates the similarity of the values between the predictions of the color spectropho
tometer or Vis/NIR spectroscopy and laboratory reference. Fig. 4 (a – d) shows the scatter plot using a color spectrophotometer, while 
Fig. 5 (a – d) presents of Vis/NIR spectroscopy. The prediction approach by comparing the use of both methods on cucumbers has never 
been carried out and the results showed their feasibility. The results also showed that the application of ethephon at the time of 
planting cucumbers can affect the accuracy of the model. Furthermore, based on these findings, color spectrophotometer and Vis/NIR 
spectroscopy showed the potential to predict TCC and TFC as a whole fruit. Detection using these methods makes field measurements 

Table 2 
Reference data of TCC and TFC in calibration and prediction set.  

Quality Calibration Prediction  

Min Max Mean SD Min Max Mean SD 

TCC (mg/100g) 3.86 410.68 112.75 120.83 13.78 390.32 132.40 126.54 
TFC (mg/100g) 26.12 349.84 120.45 81.01 52.66 330.73 133.26 78.68  
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easier, but one of the advantages of prediction with Vis/NIR spectroscopy is that it can perform non-destructive quantitative 
evaluation. 

4. Conclusions 

Non-destructive technology has several advantages, namely it does not damage the sample, easy to use, time efficient, and does not 
use chemicals. Moreover, measurement of natural pigments, such as total carotenoids and flavonoids has the potential to be detected 
non-destructively using a color spectrophotometer and Vis/NIR spectroscopy. Prediction using these two methods is categorized as 
sufficient to detect TCC and TFC in cucumbers. The highest accuracy model resulted Rcal and Rpred ≥ 0.83 and RPD ≥1.78. In summary, 
the findings were: 1) color spectrophotometer produced better accuracy in predicting TCC, 2) TFC prediction had better accuracy using 
a Vis/NIR spectroscopy, 3) each variety and ethephon concentration could be classified properly, 4) ethephon of 150 ppm had the 
highest level of accuracy compared to the concentrations of 0 and 300 ppm. This has implications for quality control processes within 
the agricultural industry, enabling improved monitoring and assessment of product quality. Furthermore, the classification of 

Table 3 
Comparison of accuracy between color spectrophotometer and Vis/NIR spectroscopy.  

Quality Instruments Rcal RMSEC Rpred RMSEP RPD 

TCC Color spectrophotometer 0.89 53.31 0.90 51.71 2.44 
Vis/NIR spectroscopy 0.92 46.88 0.87 59.65 2.12 

TFC Color spectrophotometer 0.83 44.39 0.76 50.22 1.56 
Vis/NIR spectroscopy 0.86 40.77 0.83 44.12 1.78  

Table 4 
Correlation of ethephon concentration, color (L*, a*, and b*) and pigments (TCC and TFC).   

Ethephon Concentrations Color (L*, a*, and b*) TCC TFC 

Ethephon concentrations 1    
Color (L*, a*, and b*) 0.034 1   
TCC − 0.008 − 0.901** 1  
TFC − 0.053 − 0.783** 0.858** 1  

Fig. 4. Correlation of measured and predicted TCC (a,b) and TFC (c,d) in calibration set (blue) and prediction set (red) using a color spectro
photometer. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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cucumber varieties and the impact of ethephon concentrations were successfully demonstrated using the prediction model. To expand 
upon these findings, future studies can consider incorporating a wider range of cucumber varieties and explore additional plant 
cultivation treatments that may influence sample quality. This is expected to affect the quality of the sample to increase the robustness 
of the prediction model. Such investigations would enhance the robustness and applicability of the prediction model, further 
contributing to advancements in the field of non-destructive quality assessment in the agricultural sector. 
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