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ABSTRACT 
 

An important factor in choosing a food product is its quality and safety. Meanwhile, visual 

aspects are a benchmark for product acceptance. Dragon fruit peel powder (DFP) has 

excellent potential as a natural food coloring. This study aims to detect adulteration in 

dragon fruit peel powder using two spectroscopy techniques: Visible-Near Infrared (Vis-

NIR) and Shortwave-Near Infrared (SW-NIR) spectroscopy. The adulterants include purple 

sweet potato flour (PP), erythrosine dye powder (ER), and remazol textile dye powder (TX) 

with varying concentrations of 0%, 0.5%, 1%, 5%, 10%, 20%, 30%, 40%, 50%, and 

100%. Partial least squares regression (PLSR) with ten spectral preprocessing methods 

was used to analyze data and assess model performance. The results show that combining 

of spectroscopy with the PLSR model significantly improves accuracy, achieving R²P 

values above 0.92 for all adulterants. These findings highlight Vis-NIR and SW-NIR 

spectroscopy combined with PLSR modeling, as rapid, non-destructive tools. Vis-NIR 

spectroscopy proved superior to SW-NIR spectroscopy in detecting food colorant 

adulteration because of its sensitivity to color pigments. 

1. INTRODUCTION 

Anthocyanin pigments are found in almost all parts of red dragon fruit, both the flesh and the skin. The anthocyanin 

content in the flesh and skin of dragon fruit is 159.7±8.9 and 135.4±9.3 mg/g of dry sample, respectively, with 

cyanidin aglycone (which gives it its red-purple color) reaching 12.67±0.63 mg per 100 g of dry sample (Saenjum et 

al., 2021). However, powdered food products are susceptible to adulteration, which can result in economic losses, 

even threaten consumer health. Adulteration is generally detected using High Performance Liquid Chromatography 

(HPLC) (Thalhamer & Buchberger, 2019) or UV spectrophotometry, which despite their high sensitivity, require 

significant investment costs, and the use of hazardous chemical reagents.  

As an alternative, non-destructive methods have been developed to authenticate agricultural and food products. 

Research related to the application of spectroscopy techniques has been conducted, including Vis-NIR spectroscopy in 

the authentication of paprika powder (Monago-Maraña et al., 2021), Fourier Transform Infrared (FT–IR) for detecting 

coconut sugar adulteration in palm sugar (Roosmayanti et al., 2021), and Fourier Transform Near Infrared (FT–NIR) 
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spectroscopy for detecting adulteration in palm sugar (Rismiwandira et al., 2021), which achieved an accuracy level 

above 80%.  

Despite the increasing use of spectroscopic techniques for food authentication, most previous studies have focused 

on general detection or classification without explicitly considering the role of pigment influenced spectral 

characteristics. Furthermore, comparative evaluations between different spectral regions, such as Vis–NIR and SW–

NIR are still limited and existing approaches rarely establish a comprehensive framework capable of distinguishing 

between different types of adulteration, including natural substances, food grade, and non-food grade. Therefore, this 

study proposes a novel approach by integrating pigment driven chemometric analysis with a systematic comparison of 

Vis–NIR and SW–NIR performance, combined with Partial Least Squares Regression (PLSR) to detect and predict 

adulteration levels in red dragon fruit peel powder. This research not only advances the application of two types of 

spectroscopies in natural pigment based food systems but also provides new insights into wavelength dependent 

sensitivity and a more robust framework for rapid and non-destructive. 

2. MATERIALS AND METHODS 

2.1. Sample Preparation 

The main sample consisted of dragon fruit peel powder adulterated with three types of adulterants: purple sweet potato 

as a natural ingredient, erythrosine dye (Sunsea brand) as a permitted synthetic ingredient, and textile dye powder 

(Remazol Red RB) as a prohibited synthetic dye. Dragon fruit peel waste and purple sweet potatoes was purchased 

from the Colombo market in Sleman, Yogyakarta. Erythrosine dye and textile dye powder were obtained from e-

markets in Indonesia.  

The preparation of dragon fruit peel (DFP) powder was carried out as described by Eveline & Audina (2019) with 

modifications. Red DFP was sorted and washed thoroughly, drained, thinly sliced, dried at 60 °C for 15 hours (cabinet 

dryer Shimizu Scientific Instruments MFG Co., Ltd, Japan). Three adulterants were selected: purple sweet potato (PP) 

as a natural dye, erythrosine (ER) as a food-grade synthetic dye, and Remazol red RB textile dye (TX) as a prohibited 

synthetic contaminant. Purple sweet potato flour was prepared by peeling, slicing, soaking, washing, drying at 60 °C 

for 4 hours (using cabinet dryer). To ensure matrix consistency and minimize physical variance, all powder were 

ground and sieved through a 100 mesh Tyler CBN Sieve. Adulteration levels were established at 0%, 0.5%, 1%, 5%, 

10%, 20%, 30%, 40%, 50%, and 100% (w/w), resulting in 2 g ± 0.05. The mixing process was carried out according 

to Hernanda et al. (2024) using a high-speed vortex for 60 seconds, and each concentration was performed in 

triplicate. The visual appearance of dragon fruit peel powder that has been adulterated with various types of 

adulterants, at concentration levels is shown in Figure 1. 

Types of 

adulterants 
Percentage of adulterants 

0% 0.5% 1% 5% 10% 20% 30% 40% 50% 100% 

Purple sweet 

potato (PP) 

  
Erythrosine 

dye (ER) 

  
Textile dye 

(TX) 

  

Figure 1. Visual appearance of dragon fruit peel powder that has been adulterated with various types of adulterants at 

concentration levels 
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2.2. Measurement of Vis-NIR and SW-NIR Reflectance Spectra  

Spectral data were measured in this study using a set of modular spectrometer instruments assembled into a single 

box, as shown in Figure 2.  

 

Figure 2. Vis-NIR and SW-NIR spectroscopy instrument 

The box consisted of four main instruments, namely a tungsten halogen lamp (HL-2000-HP-FHSA Ocean Optics, 

360–2400 nm), a fiber optic reflection probe cable (QR400-7 -VIS-NIR, Ocean Optics), a SW-NIR spectrometer 

(Flame-NIR-INTSMA25 Ocean Optics, 945.165-1700.144 nm), and a Vis-NIR spectrometer (Flame-T-VIS-NIR 

Ocean Optics, 345.22-1033.42 nm). The samples were placed 2 cm below the probe on the sample holder. Each 

sample was scanned at ten different points. For measurements using the miniature Vis-NIR spectrometer, the 

instrument was set to an integration time of 100 ms, a scan-to-average of 240, and a boxcar width of 2. Meanwhile, for 

measurements using the miniature SW-NIR spectrometer, the instrument was set to an integration time of 850 ms, a 

scan-to-average of 20, and a boxcar width of 2. 

2.3. Spectral Preprocessing and Multivariate Analysis 

The spectral data collected (300 spectra for each adulterant model) were compiled in Microsoft Excel and analyzed in 

Google Collab for preprocessing and multivariate analysis. The following Python libraries were used: Pandas for data 

handling, NumPy for numerical operations, Scikit-learn for PLSR and model validation, and SciPy for preprocessing 

filters. The dataset for each model was divided into a calibration set (70%, n = 210 samples) and a prediction set (30%, 

n = 90 samples). 

Spectral data from Vis-NIR and NIR are inherently complex and often contain a combination of unwanted random 

noise, physical scatter effects, and baseline variations. Raw spectral data derived from samples such as particle size 

variance and instrument drift can obscure the underlying chemical information. Therefore, this study evaluates data 

consisting of seven widely used preprocessing techniques. Four main functional categories of spectral correction were 

selected to represent preprocessing (Rinnan et al., 2009): scatter correction (SNV and MSC), baseline & derivative 

correction (detrend polynomial, SG1, and SG2), smoothing (smoothing mean), and scaling (mean centering). The 

empirical comparative approach aims to identify the optimal processing pathway that most effectively isolates 

chemical information related to impurities from background noise, based on findings in our specific dataset.  

Meanwhile, principal component analysis (PCA) was performed as an exploratory data analysis tool to visualize 

sample clustering and detect potential outliers. PCA was implemented using the Scikit-learn library in a Python 

environment. To statistically evaluate the sample distribution, 95% confidence ellipses based on the eigenvalues and 

eigenvectors. This allowed for the identification of potential outliers according to the Hotelling T² distribution. 

Visualization was performed using the Matplotlib library, with the first two principal components (PC1 and PC2) used 

to represent the maximum variance of the dataset. 

Furthermore, the PLSR model was developed on the calibration dataset, using leave-one-out cross-validation 

(LOOCV) to determine the optimal parameters. The principle of this method is that each sample is alternately 
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removed from calibration and used for testing. This is a common chemometric approach to spectral data modeling 

(Lohumi et al., 2014). PLSR is highly effective in handling multicollinearity, performs efficiently with small to 

medium-sized datasets, and is considered a simple and resource-efficient algorithm (Nisa et al., 2025). Model 

performance was assessed using the coefficient of determination for calibration (R²C), cross-validation (R²CV), and 

prediction (R²P), along with the standard error of calibration (SEC), cross-validation (SECV), and prediction (SEP). 

Higher R² values and lower error values indicate better predictive performance (Masithoh et al., 2025). The optimal 

number of latent variables (LVs) was selected based on the minimum SECV to ensure an appropriate balance between 

model complexity and predictive accuracy. 

In addition, residual prediction deviation (RPD) is used to evaluate model robustness which is calculated as the 

ratio between the standard deviation of the prediction reference values in the prediction set and SEP. According to 

commonly accepted criteria in spectroscopic analysis, an RPD value below 2.5 indicates poor prediction, a value 

between 2.5 and 3.0 indicates prediction accuracy needs to be further improved, and a value above 3.0 reflects 

excellent prediction performance (Huang et al., 2009; Sans et al., 2018). The final preprocessing method and model 

configuration were selected based on their performance on the independent prediction set. The best model was 

characterized by a high R²P (close to 1.0), and low SEP (close to 0), RPD > 2.5. Statistical parameters are calculated 

as follows in Eqs 1- 4 (Zhang D. et al., 2019; Zhang M. et al., 2019): 

R2 =
√∑ (𝑦̂𝑖−𝑦𝑖)2𝑛

𝑖=1

√∑ (𝑦̂𝑖−𝑦𝑚)2𝑛
𝑖=1

      (1) 

𝑆𝐸𝐶 = √∑
(𝑦̂𝑖−𝑦𝑖)2

𝑛−𝑝
      (2) 

𝑆𝐸𝑃 = √∑
(𝑦̂𝑖−𝑦𝑖)2

𝑁
      (3) 

𝑅𝑃𝐷 =
𝑆𝐷

𝑆𝐸𝑃
        (4) 

where 𝑦̂𝑖 and 𝑦𝑖 represent the measured and predicted adulterant concentrations (%), respectively; 𝑦𝑚 is the mean 

reference concentration; 𝑆𝐷 is the standard deviation of the reference values in the prediction set; and 𝑛 is the number 

of samples in the corresponding dataset (calibration, cross validation, or prediction). 

3. RESULTS AND DISCUSSION 

3.1. Profile of Vis-NIR and SW-NIR Spectra 

The original spectra of the DFP powder, erythrosine powder (ER), textile powder (TX), and purple sweet potato flour 

(PP) samples are shown in Figure 3.  

  

Figure 3. Original spectra using: (a) Vis-NIR spectroscopy, and (b) SW-NIR spectroscopy 

(a) (b) 
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Figure 3a shows the spectrum profiles of the samples. The wavelength regions below 450 nm and above 950 nm 

were excluded from further analysis due to increased noise levels associated with the halogen light source. Halogen 

lamps exhibit relatively low emission intensity in the short wavelength region and reduce energy output toward the 

spectral limits, which decreases the signal-to-noise ratio. As a result, spectra in these regions showed unstable 

baselines and high frequency fluctuations. High reflectance is seen from 600 nm upwards, and high absorbance (low 

reflectance) can be observed at 450-600 nm due to the presence of anthocyanins (Merzlyak et al., 2003) and betalains 

(Macavilca & Condezo-Hoyos, 2020). Meanwhile, synthetic dyes are designed with strong conjugation systems that 

yield high absorption in the visible region. Synthetic dyes such as erythrosine B (Acid Red 51; CI 45430) are 

halogenated xanthene dyes with a xanthene ring as the chromophore center (Pellosi et al., 2013). Synthetic dyes such 

as Remazol red (TX) have maximum absorbance (λmax) in the visible area. This wavelength reflects the electronic 

transition of the azo chromophore, which produces a characteristic red color (Xiaowei et al., 2023). Meanwhile, 

extending the measurement to SW-NIR can provide additional information about molecular bonds and interactions 

with the matrix. Figure 3b shows the spectrum profile of the sample using SW-NIR spectroscopy with a wavelength 

range of 954-1700 nm. SW-NIR spectroscopy performance based on overtones and combined bands from molecular 

vibrations.  

  

  

  

Figure 4. Average Vis-NIR spectra (1) raw and (2) SG1 of dragon fruit peel powder adulterated with: (a) purple sweet potato, (b) 

erythrosine dye, and (c) textile dye at different concentrations 

(a1) (a2) 

(b1) (b2) 

(c1) (c2) 
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The average Vis-NIR spectrum shows variations in reflectance that correlate with the active compound content in 

each sample. Figure 4 illustrates the average Vis-NIR spectra at different adulterant concentrations, which form the 

basis for the quantitative models. Figure 4 (a1, b1, and c1) shows raw spectra with dominant patterns for color 

attributes around 450–670 nm, which are related to chromophore transitions in the food matrices. These plots show a 

clear sequential separation of spectral intensities with increasing adulterant concentration, providing strong visual 

justification for the use of the quantitative PLSR model. Figure 4 (a2, b2, and c2) shows the same data after Savitzky-

Golay 1st Derivative (SG1) preprocessing. This preprocessing effectively removes the broad, sloping baseline and 

resolves the wide absorption features into sharper, more defined peaks and valleys, thereby isolating specific spectral 

changes related to concentration. 

The average SW-NIR spectrum from adulterated DFP powder is shown in Figure 5. The raw spectra (Fig. 5. a1, 

b1, c1) again show consistent, ordered changes in reflectance as the adulterant concentration increases, validating the 

modeling approach. As the SW-NIR spectrum is highly sensitive to organic materials with C–H, O–H, and N–H 

bonds, the SG1 preprocessing (Fig. 5. a2, b2, c2) highlights these features. Clear absorption peaks are emphasized at 

1400–1440 nm (O-H overtone).  

  

  

  

Figure 5. Average SW-NIR spectra (1) raw and (2) SG1 of dragon fruit peel powder adulterated with: (a) purple sweet potato, (b) 

erythrosine dye, and (c) textile dye at different concentrations 

(a1) (a2) 

(b1) (b2) 

(c1) (c2) 
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3.2. Results of Principle Component Analysis (PCA) 

Global PCA was performed on both the Vis-NIR and SW-NIR datasets to evaluate the natural clustering of samples 

and ensure data integrity prior to quantitative modeling. Previous studies have used PCA to detect the authenticity of 

coffee varieties, explaining up to 99.43% of the variance using the first two principal components (PCs) with SW-NIR 

(Dharmawan & Masithoh, 2025). PCA has also been applied to classify soybeans based on sample type using Vis-

NIR, achieving 94% of the variance explained by the first two principal components (PCs) (Abadi et al., 2024). 

  
(a) (b) 

Figure 6. PCA scores plots of pure and adulterated dragon fruit peel powder samples: (a) Vis-NIR, and (b) SW-NIR regions. 

Figure 6 shows the PCA score plots for both spectroscopic methods, where the first two principal components 

(PC1 and PC2) explain over 98% of the total spectral variance in both cases. In the Vis-NIR region (Figure 6a), PC1 

(78.0%) and PC2 (20.3%) provide excellent discrimination between the groups. This separation is primarily due to the 

different absorption of visible light by synthetic dyes (ER and TX) compared to natural pigments (anthocyanins in the 

PP and DFP samples). In the SW-NIR region (Figure 6b), a similar level of separation is observed, with PC1 and PC2 

explaining 68.1% and 31.3% of the variance, respectively. Clustering in this region highlights differences in molecular 

vibrations related to C-H, O-H, and N-H bonds between the matrices in the pure samples and various adulterants. 

To detect outliers, 95% confidence ellipses (Hotelling’s T2) were applied to the plots. Although most samples 

clustered tightly, some samples from the PP group on the Vis-NIR plot (Figure 6a) lay slightly outside the 95% 

confidence limits. However, these points exhibit low Q residuals, indicating that they are well-explained by the model 

and likely represent natural variation within the sample matrix. Therefore, all samples were retained to ensure the 

robustness and realistic variability of the subsequent PLSR model.  

3.3. Result of PLSR from Vis-NIR Spectra 

A partial least squares regression (PLSR) model was developed to quantify the concentration of each adulterant using 

the Vis-NIR spectra. The statistical metrics generated from this evaluation are presented in Table 1.  

A comparative analysis in Table 1 shows that pre-processing significantly impacts model performance. Standard 

Normal Variation (SNV) was identified as the optimal method for three adulterants, which can be understood through 

the spectral characteristics of the powder matrix. In this study, DFP powder was sieved to 100 mesh, but residual inter-

replica variability in particle arrangement and surface roughness within the sample container remained. This is a 

known source of multiplicative scattering variance in miniaturized spectrometer configurations (Vera et al., 2025). 

SNV corrects this multiplicative distortion by standardizing each individual spectrum independently by subtracting its 

mean value and dividing by its standard deviation thus normalizing the spectral intensity without changing the relative 

shape of the chemical absorption features (Rinnan et al., 2009). The reduction in latent variables (LVs) when SNV is 
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applied to TX detection (from 8 to 4) supports this interpretation, as fewer LVs are needed to represent the underlying 

chemical variance after physical scattering artifacts are removed (Lanjewar et al., 2024; Lukacs et al., 2024a). 

Table 1. Performance of the PLSR Vis–NIR model using raw spectrum data and various pre-processing methods 

Sample Preprocessing R2C SEC R2CV SECV R2P SEP RPD LVs 

Purple Sweet Potato (PP) Raw 0.99 1.36 0.99 1.76 0.99 1.58 11.14 8 

MSC 1.00 1.14 0.99 1.51 0.99 1.47 11.98 7 

SNV 1.00 1.13 0.99 1.51 0.99 1.45 12.21 7 

SavGol 1st Derivative 0.99 1.45 0.98 2.40 0.99 2.15 8.20 7 

SavGol 2nd Derivative 0.98 2.37 0.52 12.28 0.57 11.68 1.51 10 

Smoothing Mean 0.99 1.45 0.99 1.75 0.99 1.53 11.56 8 

Detrend Polynomial (deg=2) 0.99 1.29 0.99 1.73 0.99 1.69 10.42 7 

Mean Centering 0.99 1.36 0.99 1.76 0.99 1.58 11.14 8 

Erythrosine dye (ER) Raw 0.99 1.58 0.96 3.73 0.96 3.32 5.32 11 

MSC 0.99 1.94 0.96 3.66 0.97 3.21 5.50 8 

SNV 0.99 1.85 0.96 3.50 0.97 3.16 5.59 8 

SavGol 1st Derivative 0.96 3.64 0.89 5.91 0.87 6.50 2.72 5 

SavGol 2nd Derivative 0.77 8.51 0.49 12.65 0.45 13.13 1.34 4 

Smoothing Mean 0.99 2.01 0.95 3.79 0.97 3.18 5.55 11 

Detrend Polynomial (deg=2) 1.00 1.01 0.96 3.71 0.96 3.55 4.97 11 

Mean Centering 0.99 1.58 0.96 3.73 0.97 3.32 5.32 11 

Textile dye (TX) Raw 1.00 0.88 0.99 1.36 1.00 1.19 14.79 8 

MSC 1.00 1.12 0.99 1.45 0.99 1.26 13.98 5 

SNV 1.00 1.18 0.99 1.37 1.00 1.12 15.82 4 

SavGol 1st Derivative 1.00 0.18 0.99 1.95 0.99 1.80 9.79 15 

SavGol 2nd Derivative 0.30 14.78 -0.03 17.97 0.03 17.46 1.01 1 

Smoothing Mean 1.00 1.08 0.99 1.36 1.00 1.21 14.55 7 

Detrend Polynomial (deg=2) 1.00 1.00 0.99 1.43 0.99 1.42 12.42 6 

Mean Centering 1.00 0.88 0.99 1.36 1.00 1.19 14.79 8 

Furthermore, Figure 7 shows the regression coefficients (β-coefficients) of the optimal PLSR model for each 

adulterant. Regression coefficients can interpret the relationship between a particular band and the chemical content of 

the sample (Masithoh et al., 2024) and identify which wavelengths contribute most to the prediction data (y-variable).  

Absorbance peaks corresponding to anthocyanins or betacyanins were observed at wavelengths of 500–600 nm 

(Ambrose & Cho, 2014) and 635 nm (Guo et al., 2016). This is consistent with Figure 7a (PP model), which shows a 

peak at 620–640 nm, indicating a high anthocyanin content. The presence of these peaks is likely due to the dominant 

anthocyanin or betacyanin content in dragon fruit skin. At wavelengths between 700–710 nm, there is an absorbance 

peak correlated with anthocyanin or O-H stretching (Amanah et al., 2020; Saputri et al., 2022). A reflectance peak also 

correlated with O-H stretching can be seen at a wavelength of 930 nm (Fernández-Novales et al., 2009). In Figure 7b, 

shows a xanthene erythrosine ring system that has a peak at 532 nm and strongly absorbs green light, making it appear 

red and clearly detectable in the spectral range of Vis (Batistela et al., 2011). Meanwhile, the synthetic Remazol red 

(TX) dye, as shown in Figure 7c, has an absorbance peak at 519 nm, reflecting the electronic transition of the azo 

chromophore that produces a characteristic red colour (Xiaowei et al., 2023). 

The sensitivity of the Vis-NIR model was quantified through LOD values of 4.73% (PP), 12.11% (ER), and 4.47% 

(TX), with corresponding LOQ values as shown in Figure 8. A specific study on infant formula has shown that NIR 

spectroscopy can achieve LODs below 1 ppm for certain chemicals such as melamine (Wang et al., 2018). In this 

study, the detection limits of 4–12% observed for DFP powder remained highly effective for rapid laboratory-scale 

screening. This difference is primarily due to the higher spectral complexity of the natural fruit peel matrix compared 

to standard milk ingredients. 
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Figure 7. β-coefficients from PLSR models based on Vis–NIR spectra for adulterant detection: (a) purple sweet potato, (b) 

erythrosine dye, and (c) textile dye  

  

 

Figure 8. Correlation plots between actual and predicted concentrations (%) of: (a) purple sweet potato, (b) erythrosine dye, and 

(c) textile dye using Vis-NIR spectroscopy 

(a) (b) 

(c) 

(a) (b) 

(c) 
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3.4. Results of PLSR from SW-NIR Spectra 

The shortwave near-infrared spectrum is highly sensitive to the concentration of organic materials that have C-H, O-H, 

and N-H bonds. The results of the PLSR analysis based on SW-NIR spectral data with raw data and optimal 

preprocessing are shown in Table 2.  

Table 2. Performance of the PLSR SW-NIR model using raw spectrum data and various pre-processing methods 

Sample Preprocessing R2C SEC R2CV SECV R2P SEP RPD LVs 

Purple Sweet Potato (PP) 

 

Raw 0.99 1.79 0.95 4.59 0.98 2.33 7.57 15 

MSC 0.99 2.02 0.93 5.12 0.98 2.56 6.90 15 

SNV 0.99 2.00 0.93 5.24 0.98 2.53 6.99 15 

SavGol 1st Derivative 0.98 2.22 0.95 4.76 0.98 2.59 6.82 8 

SavGol 2nd Derivative 0.96 3.41 0.95 4.24 0.96 3.63 4.86 5 

Smoothing Mean 0.99 2.15 0.95 4.61 0.98 2.57 6.88 17 

Detrend Polynomial (deg=2) 0.99 1.96 0.96 4.13 0.97 2.81 6.28 16 

Mean Centering 0.99 1.79 0.95 4.59 0.98 2.33 7.57 15 

Erythrosine dye (ER) 

 

Raw 0.92 5.05 0.90 5.58 0.94 4.38 4.03 7 

MSC 0.94 4.28 0.90 5.67 0.92 5.11 3.45 9 

SNV 0.94 4.16 0.90 5.53 0.92 4.99 3.54 9 

SavGol 1st Derivative 0.94 4.30 0.90 5.61 0.93 4.59 3.84 17 

SavGol 2nd Derivative 0.93 4.52 0.89 6.03 0.93 4.54 3.89 14 

Smoothing Mean 0.93 4.63 0.90 5.65 0.94 4.45 3.97 15 

Detrend Polynomial (deg=2) 0.94 4.32 0.89 5.86 0.93 4.54 3.89 9 

Mean Centering 0.92 5.05 0.90 5.58 0.94 4.38 4.03 7 

Textile dye (TX) 

 

Raw 0.99 1.29 0.99 1.45 0.99 1.50 11.80 8 

MSC 0.99 1.58 0.99 1.75 0.99 1.79 9.85 6 

SNV 1.00 1.24 0.99 1.45 0.99 1.54 11.47 7 

SavGol 1st Derivative 0.99 1.40 0.99 1.56 0.99 1.64 10.74 6 

SavGol 2nd Derivative 0.99 1.27 0.99 1.70 0.99 1.75 10.06 15 

Smoothing Mean 0.99 1.28 0.99 1.46 0.99 1.63 10.84 10 

Detrend Polynomial (deg=2) 1.00 1.14 0.99 1.78 0.99 1.92 9.18 14 

Mean Centering 0.99 1.29 0.99 1.45 0.99 1.50 11.80 8 

As shown in Table 2, Mean Centering was selected as the most optimal pre-processing method for the SW–NIR 

dataset. The relatively high LV count in the optimal SW–NIR PP model (LV = 15 with Mean Centering) requires 

explicit justification and overfitting assessment. The elevated LV count reflects the fundamental spectral 

characteristics of the SW–NIR region. The R²C and R²CV gap for the PP optimal model is 0.04 (0.99 vs. 0.95), and 

R²P (0.98) closely matches R²CV confirming that LOOCV correctly estimates the model's true predictive power and 

that performance does not collapse on unseen data, which is the defining of overfitting (Rinnan et al., 2009).  The 

stability accuracy trade-off is most clearly demonstrated by comparing non-optimal high-LV configurations against the 

optimal model: the Smoothing Mean preprocessing (LV = 17) and MSC/SNV (LV = 15) for PP yield RPD = 6.88–6.99 

compared to RPD = 7.57 for Mean Centering (LV = 15), showing that the SECV minimum criterion selects LV counts 

that maximize predictive utility rather than calibration fit. Conversely, reducing LVs below the minimum SECV 

threshold through SG2 preprocessing (LV = 5), yields a less accurate and less stable model. These results collectively 

demonstrate that the observed LV range (7–15) reflects the spectral dimensionality of a broadband vibrational dataset 

for a multi-component food matrix, and not model overfitting (Nisa et al., 2025; Vera et al., 2025). These vibrational-

based bands are intrinsically weaker and more spectrally diffuse compared to their fundamental transitions, as they 

represent forbidden anharmonic overtones with significantly lower molar absorptivity (Beć et al., 2018; Singh et al., 

2021). Consequently, the inherently low intensity of these overlapping signals makes them highly susceptible to 

scatter effects, thus requiring robust spectral pre-processing to extract meaningful analytical information (Rinnan et 
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al., 2009). Therefore, the dominant systematic artifact in the SW–NIR measurements in this study is not multiplicative 

scattering, which is substantially reduced by the uniform 100-mesh filtering protocol, but rather a flat or slowly 

varying additive offset or spectral shift of the entire spectrum caused by small instrument thermal drifts, variations in 

ambient illumination, or small differences in fiber optic probe repositioning between measurement sessions (Rinnan et 

al., 2009; Vera et al., 2025). Mean Centering eliminates this systematic additive effect by subtracting the column-

averaged spectrum from all spectra in the dataset, thereby centering the data at zero variance without amplifying high-

frequency noise or distorting the weak but chemically consistent absorption patterns that characterize the DFP matrix 

and its adulterants (Masithoh et al., 2025; Rinnan et al., 2009). The absence of additional improvement from 

multiplicative scattering correction methods such as SNV or MSC that showed RPD values lower or equal to the Raw 

model for SW–NIR (Table 2) further confirms that scattering heterogeneity is not a major source of variance in the 

SW–NIR dataset under the controlled measurement conditions in this study, consistent with the observation by Lukacs 

et al. (2024b) for protein powder matrices measured with a miniature SW–NIR spectrometer. The beta coefficients (β-

coefficients) of the SW-NIR model (using Mean Centering) are shown in Figure 9, which identifies the wavelengths 

with the most significant influence on the PLSR model. Strong relationships are indicated by high coefficient values 

(peaks and valleys) (Saputri et al., 2022).   

  

 

Figure 9. β-coefficients from PLSR models based on SW–NIR spectra for adulterant detection: (a) purple sweet potato, (b) 

erythrosine dye, and (c) textile dye 

Several peaks were recorded between 1428–1470 nm, which are closely related to the first overtone of O-H 

stretching, indicating water content (Lúcia et al., 2017). Additional absorption bands between 1362–1388 nm are 

related to C-H combination vibrations, while peaks around 1300–1500 nm can be associated with the second overtone 

of sugars (such as sucrose, glucose, and fructose) (Huang et al., 2009). Another significant peak at 1250 nm is caused 

by the second overtone of C-H stretching, which has been associated with the structure of anthocyanin compounds 

(ElMasry et al., 2011).  

This indicates that in the SW-NIR wavelength region, the model detects changes in chemical composition related 

to water content, sugar content, and organic pigments. In the SW-NIR region, the predictive performance and 

sensitivity are depicted in Figure 10, which shows LODs of 4.80% for TX and 8.99% for PP, while the ER model is 

significantly less sensitive with an LOD of 16.92%. The higher LODs for synthetic dyes compared to the Vis-NIR 

range are due to the lack of unique vibrational signatures in the shortwave region isolated from the DFP matrix. 

(a) (b) 

(c) 
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Compared with other NIR spectrometers, which can achieve LODs of around 0.1%-1.0% for nitrogen-based 

adulterants in protein powders (Lukacs et al., 2024b), milk powder (Henn et al., 2017), and whey protein (Lukacs et 

al., 2018), the higher limits observed in this study are attributed to the higher complexity of the fruit peel matrix and 

the spectral diffuse nature of the overtones in the miniaturized detector configuration. Despite these limitations, the 

SW-NIR model remains very robust for detecting starch-based adulterants such as PP flour, which provides a strong 

correlative basis for the model by substantially altering the bulk molecular functional group composition of the DFP 

mixture. 

  

 
Figure 10. Correlation plots between actual and predicted concentrations (%) of: (a) purple sweet potato, (b) erythrosine dye, and 

(c) textile dye using SW-NIR spectroscopy. 

3.5. Performance Comparison of Vis-NIR and SW-NIR Spectroscopy 

The fundamental differences in detection mechanisms between Vis–NIR and SW–NIR for specific authentication tasks 

are not interchangeable in detecting these adulterants. Both spectral ranges operate through different analytical 

principles. The Vis–NIR model (450–950 nm) functions as a chemically selective system, where each of the three 

adulterants has a strong and distinct electronic absorption transition in the visible range that can be spectrally 

separated from the background of the DFP matrix. Anthocyanins and betacyanin in PP exhibit characteristic absorption 

peaks at 530–640 nm (Macavilca & Condezo-Hoyos, 2020; Merzlyak et al., 2003), erythrosine (ER) absorbs 

maximally at 532 nm via its halogenated xanthene chromophore (Batistela et al., 2011), and Remazol red (TX) 

exhibits an absorption maximum at 519 nm from the electronic transition of its azo chromophore (Xiaowei et al., 

2023). These peaks can be directly and uniquely attributed to the molecular identity of the impurities, rather than to 

the matrix. The β coefficient plot (Figure 7) confirms the finding that prominent charges appear precisely at the 

specific wavelength of the chromophore of each impurity, indicating that the PLSR model utilizes a direct spectral 

fingerprint of the electronic structure of each compound. This is consistent with the well-established behavior of Vis–

(a) (b) 

(c) 
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NIR spectroscopy for the authentication of natural pigment-based foods, as reported for anthocyanin-rich matrices 

such as red beet powder (Masithoh et al., 2024, 2025) and quinoa (Macavilca & Condezo-Hoyos, 2020). 

In contrast, the SW–NIR (954–1700 nm) model is best characterized as a compositional correlation system. In this 

spectral range, none of the three adulterants has an absorption band that is spectrally isolated from the background of 

the DFP matrix and can be separated at the spectral resolution of the SW–NIR spectrometer used. The SW–NIR region 

encodes overtone bands and O–H, C–H, and N–H bond combinations that are common to all organic food matrices 

(Rinnan et al., 2009; Vera et al., 2025). When a PP forger is added to DFP powder, there will be additional C-H bonds 

derived from starch and polysaccharide O-H groups (1300–1500 nm, 1400–1440 nm) (Chen et al., 2024) while 

displacing aromatic C–H overtones associated with anthocyanins (1143–1163 nm; 1250 nm) (Amanah et al., 2020; 

ElMasry et al., 2011). Thus, the SW–NIR PLSR model detects adulterant concentration as an indirect proxy for this 

overall compositional transformation, rather than as a direct spectral signature of the unique molecular structure of the 

adulterant. This is in accordance with the compositional correlation NIR models described for cereal flour substitution, 

where the models capture changes in the starch-to-protein or moisture-to-fiber ratio, rather than the spectra of specific 

adulterants (Lohumi et al., 2014; Vera et al., 2025). Therefore, in terms of the specific authenticity of DFP powder 

against color-based contaminants, Vis-NIR spectroscopy is a superior method. 

3.6. Limitations and Practical Implications 

While promising performance was achieved in this study, several limitations exist. First, the dataset was developed 

under highly controlled laboratory conditions, including a single batch of raw materials, relatively uniform particle 

size, a single instrument, and a single measurement session. While this design is suitable for proof-of-concept, it may 

limit the robustness of the developed model when applied to more variable real-world conditions. Variations in raw 

material origin, processing method, particle size distribution, and instrument configuration are known to significantly 

affect the spectral response and stability of the model, potentially leading to decreased prediction accuracy. 

Furthermore, the model has not been validated across multiple batches, time periods, or instruments. For practical 

applications, robust spectroscopic models require external validation to ensure transferability and reproducibility. 

Approaches such as multi-batch calibration, instrument standardization, and model update strategies are needed to 

improve model generalization and reliability. Further development is needed before real-time implementation can be 

achieved. This includes expanding the dataset to encompass a wider range of variability and evaluating model 

performance under industrial processing conditions. Therefore, future studies are expected to focus on large-scale 

validation and system optimization to bridge the gap between laboratory feasibility and industrial applications. 

4. CONCLUSIONS  

This study successfully demonstrated the capability of Vis-NIR and SW-NIR spectroscopy combined with PLSR 

modeling for rapid and non-destructive quantification of dragon fruit peel (DFP) powder adulterated with purple sweet 

potato (PP), erythrosine (ER), and textile dye (TX). Initial exploration analysis using PCA effectively discriminated all 

sample groups, with 95% confidence ellipses confirming a robust dataset free of significant outliers. The main 

findings concluded that the Vis-NIR spectral was definitively superior to the SW-NIR for the task of authenticating 

this natural pigment. The optimal Vis-NIR model was developed using SNV preprocessing, achieving excellent 

prediction accuracy. These models achieved high R2P values (R2P = 0.97 for ER, and R2P ≥ 0.99 for PP and TX) and 

robust RPD values (12.21 for PP, 5.59 for ER, and 15.82 for TX). While the SW-NIR model (using Mean Centering) 

remained effective, they exhibited lower robustness, especially for synthetic dyes (e.g., RPD = 4.03 for ER). Vis-NIR 

spectroscopy excels directly measuring the main chemical “fingerprint” of impurities, namely color-based 

chromophores, which are clearly identified in the beta coefficient plots at 519 nm and 532 nm. The SW-NIR models 

were limited to detecting secondary effects on O-H (water) and C-H (organic) bonds. This study be considered as a 

laboratory-scale feasibility study demonstrating the potential of Vis–NIR and SW–NIR spectroscopy combined with 

chemometric modelling to detect and quantify adulteration in red dragon fruit peel powder, as a highly effective, rapid, 

and reliable method. These findings lay a solid foundation for the future development of portable and real-time 

authentication systems for natural food colorants. 
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