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 A simple, portable visible reflectance spectrophotometer was developed for classifying 

the quality of Curcuma xanthorrhiza Roxb. The device was assembled using consumer 

electronic components: an LED as the light source, a DVD optical layer as the diffraction 

grating, and a webcam as the detector, with web-based software (Spectral Workbench) 

as the signal processor. The spectrophotometer's performance was evaluated using 

standard Sudan III samples and powdered C. xanthorrhiza samples from two quality 

classes (A and B). Spectral data were analysed using principal component analysis 

(PCA) and partial least squares (PLS) regression.  PCA successfully grouped Sudan III 

samples by concentration and classified C. xanthorrhiza by curcuminoid content. A PLS 

regression model was developed for quantifying Sudan III, yielding R² values of 0.9909 

for both calibration and cross-validation, with RMSEs of 0.3821% and 0.4152%, 

respectively. The results closely matched those from a commercial spectrophotometer. 

A PLS-discriminant analysis (PLS-DA) classification model for C. xanthorrhiza was 

also developed, achieving sensitivity and specificity values of 1. Additionally, semi-

quantitative parameters such as decision limit (26.15% B), detection capability (41.06% 

B), and unreliability range (26.15–41.06% B) were calculated. The classification model 

showed strong sensitivity, specificity, and detection capabilities within acceptable limits. 

These findings suggest that this low-cost reflectance spectrophotometer, combined with 

chemometric methods, holds promise as a practical tool for the quality control of raw 

herbal materials. 
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1. INTRODUCTION 

In Indonesia, medicinal plants, either alone 

or mixed with others, can be made into herbal products 

in the form of jamu, standardized herbal medicines, 

and phytopharmaca 1. Despite the long history of using 

herbal products in Indonesia, there are several aspects 

of the herbal product supply chain that remain 

underdeveloped. For instance, farmers, who are the 

main suppliers of raw materials for medicinal plants, 

typically sell these materials without conducting any 

quality sorting. Consequently, they are paid based 

solely on the weight of the raw materials, regardless of 

quality. This results in farmers receiving only a small 

portion of the economic value compared to the price 

paid by final consumers of herbal medicines 2. 

Introducing methods for analysing the quality of raw 

materials to medicinal plant farmers could help 

address the unequal distribution of profits within the 

herbal product supply chain. 

Current quality control methods for raw 

materials and herbal products often rely on 

chromatographic or spectroscopic techniques 3. High-

performance liquid chromatography (HPLC), gas 

chromatography (GC), and thin layer chromatography 

(TLC) are the primary chromatographic methods used 

for quality analysis of natural materials 4. These 

techniques produce a fingerprint chromatogram that 

http://issn.pdii.lipi.go.id/issn.cgi?daftar&1438149561&1&&
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displays all the unique chemical compounds in the raw 

material or herbal product. While highly accurate, 

these methods require significant time and sample 

preparation 5.  Another approach to assessing the 

quality of raw materials and herbal products is 

spectroscopy 6. Spectroscopy works by detecting 

changes in the chemical composition of a material, 

which can alter its optical properties, such as 

absorbance, transmission, and reflection 7. Several 

studies have demonstrated the use of spectroscopic 

methods for quality control of medicinal plants based 

on their active compound composition 8. The most 

commonly used spectroscopic technique is Fourier 

transform infrared spectrophotometry (FTIR) 9. 

However, other methods, such as UV-Vis 

spectrophotometry, are also effective for this purpose10. 

The quality control methods mentioned 

above are analytical techniques developed in a 

chemical laboratory setting, making them difficult for 

farmers, who supply herbal raw materials, to access 

directly. It would be highly beneficial for farmers if 

there were alternative methods that were simpler and 

more cost-effective for quality control of raw materials. 

One such alternative is the development of a portable 

reflectance spectrophotometer, an analytical 

instrument that provides straightforward results to the 

operator when brought to the sample, essentially 

allowing the spectrophotometer to go to the sample 

rather than the sample to the spectrophotometer 11.  

Reflectance spectrophotometers also offer practicality 

in measurements by enabling direct measurement of 

solid samples 12. Furthermore, these 

spectrophotometers can be developed using consumer 

electronic components. Essentially, a 

spectrophotometer can be assembled from 

components such as a white LED light source, a DVD 

for the dispersing medium, a CCD/CMOS webcam as 

the detector, and image-based data 

acquisition/processing software or a direct spectrum 

recorder 13.  A low-cost multifunctional webcam 

spectrophotometer has been developed and applied to 

perform molecular absorption and fluorometric 

measurements, with results comparable to those 

obtained from commercial spectrophotometers 14. 

Additionally, a spectrophotometer with LED light 

source components and a webcam detector has been 

created, capable of producing representative 

fluorescence spectra from various fruits such as apples, 

cherries, and pears 15. 

Raw materials and herbal products are 

complex chemical systems. Quality control methods 

based on pattern recognition, such as spectroscopic 

fingerprinting or chromatography, can be effective in 

exploring the complexity of these phytochemicals 16. 

Fingerprint data, being inherently complex, cannot be 

easily evaluated. The similarities or differences in 

patterns within sample fingerprint data can only be 

revealed using appropriate chemometric methods. 

Commonly used chemometric methods for this 

purpose include multivariate techniques for data 

exploration, classification, or calibration, such as 

Principal Component Analysis (PCA) and  Partial 

Least Squares-Discriminant Analysis (e.g., PLS-

DA)17. The combination of UV-Vis reflectance 

spectroscopy and chemometrics has been successfully 

employed to differentiate Angelicae sinensis simplicia 

roots from four similar herbs 18 and to identify 

adulteration in ginseng 19. 

This research aims to develop a portable 

visible reflectance spectrophotometer for quality 

control of herbal raw materials using consumer 

electronic components. For portable systems utilizing 

consumer electronics, device-to-device performance 

repeatability can be a challenge 20. Additionally, any 

developed portable spectrometer must produce results 

with verifiable analytical performance 21.  As a first 

step in developing a quality control system based on a 

reflectance spectrophotometer, this paper presents the 

configuration of the constructed reflectance 

spectrophotometer and demonstrates its performance 

using a Sudan III standard compound. The results are 

compared with those obtained from a commercial 

spectrophotometer. Subsequently, the reflectance 

spectrophotometer and chemometrics were applied to 

classify Curcuma xanthorrhiza Roxb. of different 

quality, based on the composition of the main chemical 

components, curcuminoids.  C. xanthorriza is a widely 

recognized medicinal plant used in various herbal 

remedies (Jamu). Pharmacological studies have 

demonstrated its anti-inflammatory, antibacterial, 

antioxidant, neuroprotective, nephroprotective, 

antitumor, and hepatoprotective properties, attributed 

to its xanthorrhizol and curcuminoid content22,23.  The 

obtained classification model is evaluated by 

calculating key quality parameters (sensitivity, 

specificity) 24 and three additional semi-quantitative 

parameters (decision limit, detection ability, and 

unreliability region) 25. 

 

2. RESEARCH METHODS 

2.1 Sample  

Two types of samples were used in this 

research. The first sample is the Sudan III standard 

sample (Merck). Standard Sudan III was used to test 

the analytical performance of the reflectance 

spectrophotometer against commercial 

spectrophotometers. The second sample was 

powdered raw materials of Curcuma xanthorrhiza 

Roxb.  The sample was originated from C. xanthorriza 

cultivated in the Biophamaca field station of 

TROPBRC IPB, Bogor, Indonesia. It was harvested 

and processed following the established procedures at 

the facility.  Two different powdered sample used in 

this research.  Powdered raw material of C. 
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xanthorrhiza A is made from fresh rhizome and has 

higher curcuminoid levels than raw material B, which 

has a shelf life of 2 years (S1). This second sample is 

used as a case study for the application of reflectance 

spectrophotometers in the quality control of herbal 

raw materials. Sudan III samples for measurements 

using a reflectance spectrophotometer were made in 

pellet form with a BaSO₄ (Merck) matrix (S2). BaSO₄ 

is a standard commonly used as a blank in reflectance 

measurement mode because it has a reflectivity above 

90% 26. 

 

2.2 Development of the Reflectance 

Spectrophotometer 

The reflectance spectrophotometer was 

constructed based on the scheme in Figure 1(i). A 

white LED flashlight, powered by a transformer with 

a voltage of 7.4 V, was used as the light source. The 

positions of the light source, sample holder, grating, 

and webcam were adjusted so that the angle of 

incidence of the light was the same as the angle of 

reflection, specifically 45°. This angle is above the 

critical angle of the borosilicate crystal used, allowing 

measurement in ATR (attenuated total reflectance) 

mode. In the ATR system, the light that interacts with 

the sample beneath the crystal and the reflected light 

detected by the detector first passes through a medium 

with a high refractive index. In this research, the 

medium used was a glass crystal preparation made 

from borosilicate, which is transparent to visible light. 

An optical layer from a DVD was used as a diffraction 

grating, and a webcam was used as a detector. The 

spectrum data acquisition process was carried out 

using Spectral Workbench, a web tool with features for 

capturing spectra with a webcam, as well as for 

visualizing, manipulating, and saving spectra from 

web browser pages 27. Figure 1(ii) shows the 

constructed spectrophotometer with all its components. 

 

 

 

 

 

 

 

 

 

 

 

                                                                                                 (i) 

 

 

 

 

 

 

 

 

 

(ii) 
Figure 1. (i) Diagram and (ii) real schematic of the reflectance spectrophotometer: (a) LED light source; (b) transformer; (c) 

slit; (d) sample compartment; (e) detector; (f) grating; and (g) laptop equipped with the Spectral Workbench application. 

 

2.3 Calibration and Measurement Modes of the 

Reflectance Spectrophotometer 

The reflectance spectrophotometer produces 

a sample spectrum with the help of tools from Spectral 

Workbench. When the white LED flashlight is turned 

on, the light passes through the gap and is directed at 

the borosilicate crystal at a 45° angle. Light at this 

incident angle causes internal reflectance and forms 

evanescent waves (electromagnetic waves that only 

exist within a very short distance from the boundary or 

interface between two materials with different 

refractive indices). These evanescent waves penetrate 

and interact with the sample, which is in pellet form 

and placed directly under the crystal. The attenuated 

evanescent waves are then passed back into the light 

beam, exiting the tip of the crystal and continuing 

towards the grating. The grating, attached to the front 

of the webcam, diffracts the white light into its color 
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components, which are captured by the webcam sensor. 

The color spectrum resulting from the grating 

diffraction is visualized in real time in Spectral 

Workbench (Figure 2). Spectral Workbench 

simultaneously displays the spectrum with the y-axis 

representing percent intensity (%I) and the x-axis 

representing wavelength. To obtain the correct 

wavelength scale in the spectrum, calibration is first 

carried out using a CFL light source. Spectral 

Workbench performs the calibration process by 

adjusting the spectrum wavelength scale based on the 

specified CFL emission peaks, namely emission peaks 

of 436 and 546 nm. 

Spectral Workbench acquires sample spectra 

by converting color spectrum images into data. The 

resulting data can be exported into XLS format as 

tabulated wavelengths and intensities, represented by 

average RGB (I) values. The percent intensity on the 

y-axis in the transmission spectrum is calculated using 

the following equation (1): 

%I =  
I

257
 𝑥 100%                                                 (1) 

 

The reflectance spectrophotometer 

constructed is a single beam type spectrophotometer. 

To obtain the reflectance (R) value of the sample, a 

comparison is made between the intensity of the 

BaSO₄ blank and the intensity of the standard or 

sample, following the calculations with the equation 

provided (2) 28: 

 

R =
%I𝑆𝑎𝑚𝑝𝑙𝑒

%𝐼𝑏𝑙𝑎𝑛𝑘
;  A = − log 𝑅; 

 

A = log
1

𝑅
;  A =  𝑙𝑜𝑔

%I𝑏𝑙𝑎𝑛𝑘

%𝐼𝑠𝑎𝑚𝑝𝑙𝑒
                                 (2)

 

 

 

 

 

 

 

 

 

(a) 

 

 

 

 

 

 

 

(b) 

Figure 2. Example of (a) intensity and color spectrum of BaSO4 blank and (b) wavelength calibration using a CFL spectrum. 

 

2.4 Demonstrating the Performance of the 

Reflectance Spectrophotometer and Comparing It 

with Commercial Spectrophotometers 

The reflectance spectrophotometer system 

was developed due to its advantages of speed, non-

destructive measurements, and the ability to measure 

solid samples directly. These benefits arise from the 

interpretation of the spectrum using chemometric 

techniques, which can extract analyte information 

from the background spectrum caused by the sample 

matrix 29. The performance of the reflectance 

spectrophotometer is evaluated by its ability to 

quantify the amount of Sudan III in the standard pellet. 

The results were then compared with those obtained 

from a commercial spectrophotometer. 

The quantification of Sudan III in standard 

pellet samples was performed using a multivariate 

calibration model. To develop this model, a series of 

pellets with different concentrations of Sudan III were 

prepared. The pellets consisted of Sudan III and a 

BaSO₄ matrix, with concentrations of 1, 3, 5, 7, 9, 11, 

and 13% (w/w). Each concentration was prepared in 

triplicate. The reflectance spectrum of all standard 

pellets was measured using a reflectance 

spectrophotometer. The multivariate calibration model 

was then constructed from the reflectance spectrum 

data and the corresponding concentration values. 

The commercial equipment used for 

comparison is a transmission/absorption type UV-Vis 

Spectrophotometer (Shimadzu UV-1800). 

Quantification of Sudan III with this 
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spectrophotometer was performed using a calibration 

curve. A calibration curve was prepared using a series 

of Sudan III standard solutions in methanol with 

concentrations of 5.7, 9, 11, 13, and 15 μg/mL. The 

absorption of each standard solution was measured at 

the maximum wavelength (504.5 nm). The standard 

data were used to create the calibration curve using a 

univariate linear regression approach. 

For the performance tests, standard pellet 

samples were prepared by mixing Sudan III standard 

and BaSO₄ to a total of approximately 10 g, with a 

Sudan III concentration of 0.001% (w/w) (S3). The 

mixture was replicated three times. Each mixture was 

homogenized and used to create pellets 

(approximately 500 mg each). The reflectance of these 

five pellets was measured using a reflectance 

spectrophotometer, and the concentration of Sudan III 

was calculated using the developed multivariate 

calibration model. 

To quantify Sudan III using the commercial 

equipment, the pellets were returned to the original 

mixture and homogenized again. The mixture was 

then dissolved in methanol in a 10 mL volumetric flask 

and diluted 10-fold. The absorbance of each diluted 

solution was measured five times. Due to the different 

measurement modes of the two instruments used, the 

analysis results were expressed as the absolute mass of 

Sudan III in the mixture. The significance of the 

analysis results obtained from the two instruments was 

evaluated using analysis of variance (ANOVA). 

 

2.5 Application of Reflectance Spectrophotometer 

for Classification of C. xanthorrhiza Roxb. Raw 

Materials 

To demonstrate the reflectance 

spectrophotometer's capability in quality control of 

raw materials/herbal products, it was utilized to 

classify C. xanthorrhiza samples of varying qualities, 

specifically C. xanthorrhiza A with higher 

curcuminoid levels compared to C. xanthorrhiza B 

samples (S1). Both samples were in powder form, 

sized 40-60 mesh, and dried in an oven at 60°C until 

the moisture content was less than 10%. 

The initial step in developing a reflectance 

spectrophotometer-based classification method 

involved preparing a set of samples. The reflectance 

data from these samples was used to construct a 

classification model (training set) and another set of 

samples for validating the model (test set). In this 

study, 65 pellets (each approximately 500 mg) were 

prepared from both C. xanthorrhiza A and B as 

training samples, along with 25 pellets each for test 

samples. All samples were measured using a 

reflectance spectrophotometer to collect spectrum data. 

Subsequently, a chemometric approach was employed 

to develop a classification model capable of 

distinguishing between the qualities of                                       

C. xanthorrhiza A and B based on the obtained 

spectrum data. 

The quality of classification models is 

assessed using performance parameters such as 

sensitivity and specificity 24. Sensitivity measures the 

proportion of samples belonging to a class that are 

correctly identified as belonging to that class. 

Specificity measures the proportion of samples not 

belonging to a class that are correctly identified as not 

belonging to that class. These parameters are 

calculated based on four possible predictions made by 

the model: true positive (TP), false positive (FP), true 

negative (TN), and false negative (FN). TP (True 

Positive): Number of positive samples correctly 

identified as positive. FN (False Negative): Number of 

positive samples incorrectly classified as negative. FP 

(False Positive): Number of negative samples 

incorrectly identified as positive. TN (True Negative): 

Number of negative samples correctly identified as 

negative. Sensitivity and specificity are calculated 

using the following formulas (3&4): 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 100 ×  [
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
]                                             (3) 

𝑆𝑝𝑒𝑠𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 100 ×  [
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
]                                              (4) 

 

Additionally, the quality of the reflectance 

spectrophotometer-based classification model is 

evaluated using quantitative connotation parameters 

such as the unreliability region, decision limit, and 

detection capability 30. These parameters are 

determined using the Performance Characteristic 

Curve (PCC) methodology 25. In this assessment, it is 

assumed that high-quality C. xanthorrhiza A samples 

are adulterated with lower-quality C. xanthorrhiza B 

samples. 

PCC curves are constructed by predicting 

samples at various adulterant concentrations using the 

classification model. Pellets containing C. 

xanthorrhiza B as an adulterant were prepared at 

concentrations of 10, 20, 25, 30, 35, 40, 50, 60, 70, 80, 

and 90% (w/w). Each concentration was replicated ten 

times, resulting in a total of 110 pellet samples. The 

number of predicted samples classified as adulterated 

(positive output) or not (negative output) at each 

concentration was calculated as the predicted fraction, 

denoted as p(x). The p(x) values were plotted against 

the concentration of adulterant B. Experimental data 

points were then fitted to a sigmoid equation (5) using 

Auto2fit curve-fitting software (CPX Software), as 

described by López et al. 25, to derive the three model 

performance parameters. 

𝑝(𝑥) =  
1

1+ 𝑒𝑏(𝑥−𝑎)                                                     (5) 

 

2.6 Multivariate Data Analysis - Chemometrics 

The reflectance spectrum data was analysed 

using The Unscrambler X software (Camo Inc.). 
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Initially, the spectrum data was prepared in MS Excel 

and subsequently imported into Unscrambler. Before 

further analysis, the spectrum data underwent pre-

processing with the Savitsky-Golay smoothing 

method.  Next, both the spectra of Sudan III and C. 

xanthorrhiza samples were subjected to principal 

component analysis (PCA). PCA was utilized to assess 

the suitability of the samples for training calibration 

and classification models (Springer, 2019). 

The correlation between the reflectance 

spectrum of Sudan III and its concentrations in 

standard samples was investigated using partial least 

squares regression (PLSR). This approach facilitated 

the construction of a multivariate quantitative 

calibration model, which was employed to evaluate 

the quantitative performance of the reflectance 

spectrophotometer in comparison with commercial 

spectrophotometers. 

For classification purposes, the partial least 

squares-discriminant analysis (PLS-DA) method was 

applied to develop a model for distinguishing between 

C. xanthorrhiza samples (C. xanthorrhiza A and B). 

PLS-DA correlates the spectrum data of C. 

xanthorrhiza samples A and B with categorical class 

data, where a value of 1 designates samples in the 

discriminated class (curcuma sample A) and 0 for 

samples in the other class (curcuma sample B).  The 

effectiveness of the calibration and classification 

models was assessed based on the coefficient of 

determination (R²) for calibration and cross-validation, 

as well as the root mean square error of calibration 

(RMSEC) and root mean square error of prediction 

(cross-validation) (RMSEP(CV)). 

 

3. RESULTS AND DISCUSSION 

3.1 Reflectance Spectrum of Standard Sudan III 

Samples and C. xanthorrhiza Roxb. Samples 

This research develops a reflectance 

spectrophotometer with an ATR measurement 

configuration, which offers easy and direct 

measurement of solid samples. The spectrophotometer 

detects and measures reflected radiation (R) (Equation 

2). The resulting spectrum can be displayed in log(1/R) 

units, which are dimensionally equivalent to 

absorbance 28. 

Figure 3a shows the spectrum of the Sudan 

III standard sample. The absorbance spectrum of 

Sudan III solution is known to have maximum 

absorption at wavelengths of 340-360 nm and 490-510 

nm 31. The Sudan III standard pellet sample shows at 

least two prominent absorption peaks at 423 and 540 

nm. This absorption peak shift from the solution's 

absorption peak was also observed by Taunaumang et 

al.32. The maximum absorption of Sudan III measured 

in crystalline solid form shifts to a greater wavelength 

than that of the Sudan III solution. Differences in 

measurement configuration from transmission to ATR 

can cause distortion. One of the distortions introduced 

by ATR is a shift in the absorption band to lower 

frequencies (larger wavelengths) 33. 

 

 

 

 

 

 

                                       

 

                                      

                    

                                        (a)                                  (b) 

Figure 3. Sample spectrum with intensity scale from measurements using the reflectance spectrophotometer for the 

blank/sample and the absorbance spectrum calculated using equation 2: (a) Sudan III and (b) C. xanthorriza. 

 

Figure 3b shows the spectrum of C. 

xanthorrhiza. The spectrum of C. xanthorrhiza 

powder results from the overlapping absorption of its 

constituent components. Among the observable 

absorption peaks is one in the range of 410-460 nm, 

which is thought to originate from the absorption of 

curcuminoids contained in C. xanthorrhiza. Suresh et 

al. 34 reported that C. longa samples measured using a 

UV-Vis Diffuse Reflectance Spectrophotometer 

produced a spectrum with a wide absorption peak in 

the range of 400-500 nm. The absorption is mainly 

caused by electronic transitions in bonding orbitals, 

lone pairs, and unfilled non-bonding or anti-bonding 

orbitals of curcuminoids 35. 
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3.2 Quantitative Performance of Reflectance 

Spectrophotometers 

The reflectance spectrophotometer 

constructed in this research is intended for use as a 

quality control or authentication device. For this 

purpose, signals from a single wavelength do not 

provide sufficient information to address most 

authentication problems. Using the spectral profile of 

a sample as a fingerprint and interpreting it with 

chemometric methods can address this need 36. 

Reflectance spectrophotometers record signals 

resulting from the interaction between radiation and 

chemical components in the sample at many 

wavelengths. It is necessary to demonstrate that this 

spectrum signal accurately represents the 

reflectance/absorption of these analytes. Transmission 

mode spectrophotometers using consumer electronic 

components have been shown to provide quantitative 

signals of analytes equivalent to those of commercial 

instruments 37. 

The analytical performance of the 

reflectance spectrophotometer was determined using 

the Sudan III standard sample with a BaSO₄ matrix. 

The resulting spectrum in the 400-600 nm range was 

pre-processed with the 9-point Savitsky-Golay 

smoothing technique before being evaluated using 

PCA and PLS Regression. PCA was used as an 

exploratory tool to visualize variations in spectrum 

data caused by differences in concentrations of the 

Sudan III standard sample.  Figure 4a displays the 

score plot of samples with variations in Sudan III 

concentration from 1% to 13%. The first principal 

component (PC1) and the second principal component 

(PC2) together account for 99% of the total variance. 

The large amount of accumulated variance indicates 

that the score plot represents almost all the information 

contained in the sample spectrum. The spectrum 

produced by the reflectance spectrophotometer 

contains quantitative information on analytes, which 

can be seen from a clear grouping tendency along the 

PC1 axis based on differences in sample concentration.  

A similar trend was observed in the research by 

Alomar et al.38, who used PCA to evaluate the 

spectrum data of Sudan I samples produced by the 

Surface Enhanced Raman Scattering spectrometer. 

 

 

 

 

 

 

 

 

 

          (a)       (b) 

Figure 4. (a) PCA score plot (PC1 and PC2) and (b) prediction performance of the PLS regression model from the Sudan III 

standard sample spectrum in the concentration range 1-13%. 

 

The spectrum data used in the PCA model 

was then reprocessed to create a multivariate 

calibration model. The PLS regression model was 

built using Unscrambler X software with the wide 

kernel PLS algorithm. The performance of the 

regression model was maintained by cross-validation 

and optimized using 7 latent variables.  Figure 4b 

shows the prediction vs. reference plot for the 

concentration of Sudan III standard sample. The 

predicted values in the plot are generated from the PLS 

regression model, with R² values of 0.9909 for both 

calibration and cross-validation, and RMSE values of 

0.3821% and 0.4152% for calibration and cross-

validation, respectively. Williams & Antoniszyn 39 

explained that a multivariate model with an R² value 

equal to or above 0.99 is considered excellent.  The 

goodness of the calibration model is also supported by 

the relatively small calibration and cross-validation 

RMSE values compared to the standard sample 

concentration values. A model with lower calibration 

and cross-validation RMSE values, as well as smaller 

differences between the two, indicates better 

performance and stability 40.  Another parameter that 

demonstrates the goodness of the PLS regression 

model is the RPD (Ratio of Performance to Deviation) 

value. RPD is a comparison between the reference 

standard deviation and RMSE. The calibration model 

has RPD values of 10.7 and 9.9 for calibration and 

cross-validation, respectively. RPD values above 4.1 

indicate a very good model 41. 
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Table 1.  Comparison of Sudan III analysis results from reflectance and commercial spectrophotometers, with ANOVA data 

evaluation 

Sample 
Nominal Mass of Sudan 

III in 10 g of Mixture (g) 

Results from Reflectance 

Spectrophotometer (g) 

Results from 

Shimadzu UV-1800 

(g) 

Mixture 1 0.0011 0.0012 0.0013 

Mixture 2 0.0010 0.0010 0.0011 

Mixture 3 0.0010 0.0010 0.0011 

Average ± SD (1.0±0.1)10-3 (1.1±0.1)10-3 (1.1±0.1)10-3 

Analysis of Variance (ANOVA) 

Source of Variation SS df MS F count P-value F crit 

Between Groups 2.89 x 10-08 2 1.44 x 10-08 1.444444 0.3075469 5.143253 

Within Groups 6 x 10-08 6 1 x 10-08    

       

Total 8.89 x 10-08 8     

 

The calibration model was used to determine 

the amount of Sudan III standard in a new, 

intentionally created sample. These samples were also 

analysed using a commercial spectrophotometer in 

transmission measurement mode. Due to differences 

in measurement modes, the comparison of sample 

analysis results is based on the nominal mass of Sudan 

III. Table 1 displays the analysis results from both 

instruments, along with the ANOVA results for the 

overall comparison of the data. Both instruments 

produced the same average analysis value. The 

ANOVA results showed no significant differences in 

the nominal mass data for Sudan III (Fcount = 1.4444 < 

Ftable, 0.05; 2.9 = 5.143253, p = 0.3075469). Therefore, 

chemometric evaluation and comparison with 

commercial equipment indicate that the reflectance 

spectrophotometer can produce signals that accurately 

represent the analytes in the sample. 

 

3.3 Case Study: Using a Reflectance 

Spectrophotometer for Quality Classification of C. 

xanthorriza Roxb. Samples 

A case study was conducted to explore the 

use of a reflectance spectrophotometer as a quality 

control tool for herbal ingredients/products, 

specifically focusing on its ability to classify C. 

xanthorriza samples. A total of 65 pellets each for C. 

xanthorriza samples A and B were used as training 

data, with their reflectance spectra measured. The 

spectrum data was pre-processed using the 9-point 

Savitsky-Golay smoothing technique and cut in the 

curcuminoid absorption region (400-480 nm) for 

evaluation with PCA. A PLS-DA classification model 

was then created.  The performance of the 

classification model was assessed using test data from 

25 pellet spectra of each C. xanthorriza sample (A and 

B). The performance parameters determined were 

sensitivity and specificity. 

PCA was used initially to evaluate the 

quality grouping of C. xanthorriza samples based on 

their spectrum data. Figure 5a displays the score plot 

of the first two principal components, which account 

for 94% of the total data variance. The score plot 

indicates that PC1, which accounts for 78% of the 

variance, is responsible for the clear separation 

between sample A and sample B. Samples with high 

curcuminoid content (A) are concentrated in the 

negative part of PC1, while sample B is more 

projected towards the positive part of PC1. This 

tendency for samples with higher curcuminoid content 

to be projected in the negative part of PC1 can also be 

observed from PCA analysis of the UV-Vis spectrum 

of Curcuma longa compared to other Curcuma 

species42. 

The same training data was then used to create 

a PLS-DA classification model. This classification 

model was built using a two-class input classification 

strategy that incorporates both the training and test 

data samples. In the model, the C. xanthorriza sample 

class A is marked with a predicted probability value of 

1, while the C. xanthorriza class B is assigned a 

probability value of 0. The discrimination rule is based 

on comparing the predicted Y values (class) with a 

discrimination threshold set at 0.5. Additionally, the 

threshold value is set at ±1 (i.e., above 1.5 or below -

0.5). Samples with predicted values outside these 

upper or lower limits cannot be discriminated as C. 

xanthorriza A or B 43.  Figure 5b shows the prediction 

vs. reference plot for C. xanthorriza sample classes A 

and B. The plot demonstrates that the model can 

classify all training samples according to their class 

probability values. The C. xanthorriza sample A is 

predicted to have a value in the range of 1, and the C. 
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xanthorriza sample B in the range of 0. The high 

quality of the model predictions is indicated by an R2 

value of 0.9124/0.9029 (calibration/cross-validation) 

and an RMSE of 0.1479 and 0.1580 (calibration/cross-

validation). Both model parameters meet the criteria 

for a good multivariate model 39,40. 

 

 

 

 

 

 

 

 

                               (a)                    (b) 

Figure 5. (a) PCA score plot (PC1 and PC2) and (b) prediction performance of the PLS-DA classification model from training 

data on the spectrum of C. xanthorriza samples A and B. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Binary classification plot for test data for C. xanthorriza samples A and B from the PLS-DA model. 

The performance of the PLS-DA 

classification model was tested using test data that 

differed from the training data. The external validation 

data consisted of 25 pellets of C. xanthorriza sample 

A and 25 pellets of C. xanthorriza sample B. Figure 6 

displays a classification plot of the model prediction 

results for the two tested samples. The PLS-DA 

classification model correctly predicted the class of 

each sample. All sample A pellets had class probability 

values in the range of 1, and all sample B pellets had 

class probability values in the range of 0.  This resulted 

in sensitivity and specificity values of 1, calculated 

using equations 3 and 4 with data from Table 2. 

Sensitivity and specificity values of 1 indicate that the 

model has an accuracy rate of 100% 24. 

Further exploration of the performance of the 

reflectance spectrum-based classification model was 

carried out by determining the semi-quantitative 

parameters of the model, namely decision limit, 

detection capability, and unreliability region. The 

decision limit (CCα) is the minimum concentration of 

counterfeit (B) that the model will detect as positive 

when it is positive with probability p(x) = 5%. Below 

this limit, there is a 95% or higher probability of the 

model giving a negative prediction (meaning that 

sample A is pure or mixed with B to a lesser extent). 

Detection capability (CCβ) is the concentration of an 

adulterant in a sample that can be reliably detected 

and/or identified with statistical certainty p(x) = 95%. 

Above this limit, there is a 95% or higher probability 

that the model provides a positive output prediction for 

adulterated samples at adulterant concentrations above 

it. The unreliability region is the concentration range 

between the two limits where there is a certain 

probability (p(x) between 5% and 95%) of a negative 

error bias (FN) 44. 
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Table 2. Prediction confusion matrix for external validation data from the PLS-DA model. 

  
Actual Class  

C. xanthorriza A C. xanthorriza B 

Predicted 

Class  

C. xanthorriza A TP = 25 FP = 0 

C. xanthorriza B FN = 0 TN = 25 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 7. Performance characteristic curve (PCC) and semi-quantitative parameters from PLS-DA model prediction data. The 

sigmoid curve is generated from fitting the data to equation 5 with parameter values a = 33.60 and b = -0.3950. 

Figure 7 displays the PCC curve and 

constraints of the semi-quantitative parameters of the 

model. The CCα value is obtained from the 

intersection of the PCC sigmoid curve with the 

horizontal black dotted line placed at p(x) = 0.05. CCβ 

is obtained from the intersection of the PCC sigmoid 

curve with the horizontal black dotted line placed at 

p(x) = 0.95. In this scenario, where C. xanthorriza 

sample A is adulterated by C. xanthorriza sample B, 

the PLS-DA classification model has a decision limit 

of 26.15% B, a detection capability of 41.06% B, and 

an unreliability region in the range of 26.15-41.06% B.  

The detection capability of the classification model 

from the reflectance spectrophotometer is still greater 

than the minimum limit for adulteration of 

herbal/spices raw materials considered economical in 

the market, such as saffron spices, which is 20% 45. 

This is understandable because, in this case study, the 

adulterants are materials from the same species, 

differing only in terms of the content of the main 

components. In another case, the use of a fluorescence 

spectrometer combined with multi-way chemometrics 

resulted in a limit of quantification of different species 

adulterants for saffron of 24.3% 46. 

 

4. CONCLUSIONS 

The development of a visible light 

spectrophotometer using components from consumer 

electronics was carried out in this research. The 

spectrophotometer was built with reflectance 

measurement mode because this type allows for 

measuring samples, particularly herbal raw materials, 

in the solid state. The performance of the 

spectrophotometer was demonstrated by evaluating 

the entire spectrum data using chemometric methods. 

Two types of samples were used in this performance 

test: Sudan III and raw materials of C. xanthorriza.  

The reflectance spectrophotometer produced spectra 

of both samples, each with its own unique absorption 

characteristics. Principal component analysis (PCA) 

was able to group Sudan III standard samples based on 

their concentration and C. xanthorriza samples based 

on their curcuminoid content class. This indicates that 

the spectrum signal produced by the reflectance 

spectrophotometer can accurately represent the 

analyte content in the sample.  Quantitative analysis of 

Sudan III levels in samples using the PLS regression 

model on reflectance spectrum data gave results that 

were comparable to those obtained using a 

commercial spectrophotometer. The PLS-DA 

classification model built from the spectrum of C. 

xanthorriza samples successfully discriminated 

between classes of C. xanthorriza with high accuracy. 

The classification model exhibited perfect sensitivity 

and specificity values and detection capabilities within 

acceptable limits.  Based on the results of this research, 
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the reflectance spectrophotometer has the potential to 

be used as an alternative instrument for quality control 

of raw materials and herbal products. 
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