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Sarawak is the largest producer of sago flour in Malaysia. The assessment of flour 
quality is generally made by its noticeable color. The excessive use of whitening 
chemicals, such as calcium carbonate, to alter the color and nutritional value of the 
product has increased the potential for food fraud. Traditional laboratory methods used 
to detect adulteration are expensive and time-consuming; hence, this study employed 
a visible near-infrared (Vis-NIR) hyperspectral camera combined with machine learning 
models to quantify calcium carbonate levels in sago flour rapidly. The imaging was 
carried out in the 400-1,000 nm regions, and the calcium carbonate concentrations used 
ranged from 2 w/w% to 5 w/w%. Machine learning models considered in this study were 
Principal Component Regression (PCR), Partial Least Square Regression (PLSR), and 
Multiple Linear Regression (MLR). The mean reflectance from the spectral data was 
used to train and test these machine learning models. Upon optimizing the 
hyperparameters, the PLSR model outperforms both MLR and PCR models, where its 
training had R2, RMSE, and MAE values of 0.99981, 0.00008, and 0.00006, respectively. 
These indicate that a visible near-infrared (Vis-NIR) hyperspectral camera coupled with 
PLSR has the potential to be deployed in detecting adulterants in sago flour.  
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1. Introduction 
 

The agriculture sector plays a crucial role in Malaysia's economy, contributing 7.3% of the 
country's gross domestic product in the year 2019 [1]. It is an important sector as it supplies food to 
the communities. Food is one of the necessities for sustaining life and for survival. The core idea of it 
is the crucial concept of food security, which is an important concern for consumers worldwide. Food 
security ensures that individuals and communities have consistent access to safe and nutritious food, 
regardless of external challenges. Incidents of food safety breaches, such as melamine adulteration 
in baby milk powder [2], contaminated cantaloupes leading to a Listeria outbreak [3], and salmonella 
contamination in peanut butter products [4], have raised public awareness regarding the quality of 
food being consumed. 
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Sago is one of the crops in the agriculture sector that are widely cultivated and consumed in 
Sarawak, Malaysia. Sago plants can provide between 150 and 300 kilograms of dry starch per plant, 
making it a high-yielding source of edible starch. Over 42,310 hectares of sago plantation are present 
in smallholders in Mukah, Sarawak, making it the capital with the largest sago plantation area [5]. 
Sago starch is the main raw product from the plant, and it is an important ingredient for both local 
and international food industries. Hence, the industry and relevant authorities should take the 
initiative to improve quality monitoring technologies and guarantee that the sago quality is not 
compromised. 

Despite the Food and Agricultural Organization (FAO) setting standards for edible sago starch [6], 
there are compromises in its quality. On the other hand, according to a study conducted by Daniela 
Carboni et al., [7], flour tends to have lesser minerals due to the milling process, which decreases its 
nutritional value. This effect is compensated by fortifying the flour with mineral salts of calcium-
based salts. Calcium carbonate is one such salt that prolongs the flour's shelf-life, affecting its taste 
and quality [8]. To gain an economic benefit, the favorable white color of calcium carbonate is 
preferred over the oxidized and brown sago starch. Regions with limited regulatory enforcement of 
food quality standards create an environment where unscrupulous producers get away with the 
adulteration of food products. The misuse of additives and adulterants can pose significant risks to 
public health, and therefore, its usage should be restricted and carefully governed. According to the 
Department of Standards Malaysia [9], the total starch content for premium grade sago is ≥ 95% (dry 
basis). 

In the agriculture sector, adulterants in flour are detected by organizations that specialize in 
standardizing food products in conjunction with national standards set by each nation. These 
organizations generally use traditional laboratory techniques like liquid chromatography-mass 
spectrometry [8] and titration [9] to determine adulteration in food products. Despite accurate 
techniques, they are often time-consuming and costly to run. The instrumentation requires high 
maintenance and depends on skilled personnel for operation. These analytical laboratory methods 
also generate chemical waste, which requires proper disposal. Hence, a rapid and non-invasive 
technology is desirable to monitor the quality of sago to solve the above-mentioned problems faced 
by the industry. 

Hyperspectral imaging (HSI) has recently been used in food industries as a reliable, rapid, and 
non-invasive monitoring technique. HSI is a non-destructive method that integrates spatial and 
spectral data over various wavelengths, hence giving a three-dimensional output of the image [10]. 
HSI integrates traditional imaging with spectroscopy, enabling each spatial pixel to contain the 
spectral data of the sample. As reported by Aviara et al., [11], HSI is environmentally friendly, 
considering no chemicals are used in the imaging and processing stages when assessing the quality 
and safety of food and agricultural products. Some hyperspectral cameras have near-infrared 
spectral ranges that provide an improved understanding of the chemical constituents of ingredients 
in the observed sample. Moreover, HSI saves time as compared to the conventional or chemical 
approach when regulating food grain storage and assessing food quality. It is accurate and reliable 
when determining the region of interest (ROI). In recent years, studies using HSI for food safety have 
progressed in flour and starch products, such as quantification in multigrain flour mixes [12], 
determining talcum powder and benzoyl peroxide in wheat flour [13], and predicting adulteration in 
tapioca starch [14]. 

HSI is often used in conjunction with machine learning models for image processing and 
multivariate data analysis. Widely used machine learning models in the food industry for quality 
monitoring are PLSR-based and PCR-based models. For instance, PLSR was used by Lim et al., [15] to 
detect melamine adulteration in milk powder and Khamsopha et al., [14] to determine limestone 
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powder adulteration in tapioca starch. Su et al., [16] used both PCR and PLSR to detect cassava flour 
and corn flour adulteration in wheat flour. A study conducted by Ye et al., [17] suggested using 
Multiple Linear Regression (MLR) to model the relationship between a response variable and multiple 
response variables. 

However, minimal studies are found to use PCR, PLSR, and MLR for detecting calcium carbonate 
adulteration in sago flour. Moreover, there are limited studies of HSI being used on sago flour. The 
prior studies showed the effectiveness of HSI with a spectral range of 900-1,700 nm (near-infrared 
range, NIR) in quality monitoring of flour and starch products, but inadequate studies are conducted 
on the 400-1,000 nm spectral range (visible-NIR range, Vis-NIR). To address these research gaps, in 
this study, the Vis-NIR spectral range on the images of calcium carbonate adulteration of sago flour 
is used to develop the PCR, PLSR, and MLR models to predict the concentrations of calcium carbonate 
that replace the destructive analytical laboratory methods. This study aims to compare the results of 
these different models to identify the best model. 

 
2. Material and Methods  

 
The hyperspectral images of sago were taken to test the capacity of the machine learning models. 

Prior to the imaging, the adulterated sago samples were prepared in the lab. 
 

2.1 Sample Preparation 
 
Pure sago was sourced from CRAUN Research Sdn. Bhd. in Lemantak, Sarawak. The sago was 

washed to obtain a starch cake and was repeated until a clean starch cake was obtained. This was 
filtered through a muslin cloth to eliminate excess fiber. The washed sago starch cake was sun-dried 
until the moisture content dropped to 20%. But to achieve the standards set by FAO to below 13% 
moisture content [6] and to avoid browning from oxidation of the sago, the starch cake was further 
dried in an oven until moisture content dropped below 13%. The sago was sieved to obtain fine 
particles upon achieving the desired moisture content. The chemical additive used for this study was 
calcium carbonate, and the anhydrous calcium carbonate was purchased from Merck. In a previous 
study, Lee et al., [18] adulterated sago flour with calcium hypochlorite concentrations ranging from 
0.005 w/w% to 2.0 w/w%. Their study focused on smaller calcium hypochlorite concentrations. 
However, this study used a different adulterant, namely calcium carbonate. Moreover, for this study, 
the higher concentrations of calcium carbonate added to sago flour were 2.0 w/w%, 2.5 w/w%, 3.0 
w/w%, 3.5 w/w%, 4.0 w/w%, 4.5 w/w%, and 5.0 w/w%, respectively. The desired amount of sago and 
adulterant was loaded into a 50 mL centrifuge tube and mixed using a vortex mixer at 2,000 rpm for 
15 minutes. Three replicates were prepared for each concentration to increase the size of the dataset 
and reduce the chances of any anomalies. Hence, with seven different concentrations, the number 
of adulterated sago samples prepared in this study was 21. 

 
2.2 Hyperspectral Image Acquisition 

 
After preparing the adulterated sago samples, a VIS-NIR HSI camera (Resonon Pika L, MT, USA) is 

used in this study. It has a spectral range of 400-1,000 nm measured across 300 spectral bands, with 
a spectral resolution of 3.3 nm. An objective lens with a focal length of 23 mm and an aperture of 
f/2.4 was attached to the spectrograph. The frame Rate and shutter time were set to be 50 frames/s 
and 16.49 ms, respectively. The HSI camera has a bench-top view of the sample with strong lighting 
provided by halogen lamps. The adulterated sago samples were placed on a petri dish to the brim. 
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The petri dish was kept at the center of the stage and scanned line by line at a speed of 4.5 mm/s, 
with 700 lines of capture. The distance between the camera and the sample was approximately 0.2 
m. 

The acquired hyperspectral images were loaded onto a laptop connected to the HSI setup with 
the ‘Spectronon’ software installed. This software was utilized to conduct radiometric calibration on 
the HSI data to reduce signal noise. A sample of the image output from this software is shown in Fig. 
1, which is further discussed in the results section. This data was loaded into MATLAB R2023a in a 
computer with Intel Core i7 (6th Generation), GTX1060 (6GB GDDR5), and 16GB DDR4 memory for 
image segmentation and determining the ROI. The central region of the image was a suitable ROI, 
and hence, a dimension of 300×300 pixels was chosen. The selected ROI was further sub-sampled 
into nine different samples with dimensions of 100×100 pixels each to increase the size of the 
dataset. For each subsample, the mean reflectance across all the wavelengths was calculated to 
obtain the mean spectrum, and this was extracted into a separate file. 

 

 
Fig. 1. Spectral profiles of sago samples adulterated with different concentrations of 
calcium carbonate 

 
2.3 Regression Models 

 
PCR and PLSR are modeling algorithms used to establish the quantitative relationship between 

the spectral data and the concentration of calcium carbonate in sago flour. These models are 
preferable when used with high-dimensional multicollinear data, but a simpler model like MLR works 
well with a small number of variables and assumes a linear relationship between the predictor and 
target variable [19]. The hyperparameters of the PCR and PLSR models, like Principal Components 
(PCs) and Latent Variables (LVs), were optimized using 189 sub-samples. The sub-samples were split 
for training and testing datasets, and the chosen splitting ratio was 7:3 for train:test [20]. These 
models were evaluated with error metrics like Root Mean Square Error (RMSE), Mean Absolute Error 
(MAE), and Coefficient of Determination (R2). The model development and evaluation process were 
performed using MATLAB version R2023a. 
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3. Results and Discussions 
3.1 Reflectance Data 

 
The reflective spectral data for different concentrations of calcium carbonate adulteration from 

2 w/w% to 5 w/w% is shown in Fig. 1. The blue, green, and red lines in the graph represent the regions 
where the respective color is present in the visible light spectrum. The region of 660 nm to 730 nm is 
where the spectra of different concentrations converged. Additional peaks are also noticed at 420 
nm, 540 nm, 610 nm, 780 nm, and 940 nm. 420 nm is between violet and indigo on the visible light 
spectrum, whereas 610 nm falls in the orange region. 780 nm is at the end of the red region in the 
visible light spectrum, whereas 940 nm is the near-infrared region. The peaks at these visible light 
regions do not quantitatively determine the relationship between the color and its influence on the 
visual characteristics of sago, but it suggests that these regions are more prominent than others when 
determining the visual characteristics of sago flour. The peak after the visible light spectrum is 
potentially from organic bonds within the sago flour that influence the spectral data. 
 
3.2 Regression Analysis 

 
The regression models used in this study were PCR, PLSR, and MLR. The hyperparameters like LV 

and PC were optimized for the PCR and PLSR models to create a precise and efficient model. 
Optimizing the number of LVs is a crucial step, as having a lesser LV would cause model underfitting, 
and having a higher LV would cause model overfitting. The high number of LVs also comes with 
computational efficiency issues due to increased load. Fig. 2 shows the hyperparameter optimization 
for the PCR and PLSR models, with RMSE as an error metric for indicating the predictive capability of 
the model. The RMSE value determined the optimum number of LVs and PCs. A lower RMSE value 
indicates high accuracy and good model performance [21]. Hence, as the RMSE value approached a 
minimum, the LVs and PCs were optimal. However, after a certain number of hyperparameters, the 
performance in the model got worse, potentially due to overfitting. Therefore, the optimal number 
of PCs was 21, whereas LVs were 15. This was chosen based on the presence of overfitting peaks in 
Figs. 2(a) and 2(b). After 21 PCs, there was a slight peak, and after 15 LVs, the RMSE value rose again. 
Once the optimal number of hyperparameters was determined, the PCR and PLSR models were run 
with the extracted hyperspectral data. 
 

 
(a) (b) 

Fig. 2. Hyperparameter optimization of (a) PCR, and (b) PLSR models 
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Table 1 shows the optimum number of LVs for PCR and PLSR and their respective error metrics 
compared to the performance of the MLR model. Upon examining the overall performances of the 
PCR, PLSR, and MLR models, the RMSE and MAE error metrics showed that the PLSR model  
performed the best. Although from Table I, MLR displayed the best results for training with an RMSE 
value as low as 4.0873×10-13 and an MAE value of 3.1645×10-13. As for the PCR and PLSR models 
during the training dataset, they returned values of 2.8136×10-4 and 1.6942×10-4 for RMSE, while 
2.1634×10-4 and 1.2639×10-4 for MAE, respectively. It is apparent from this table that there is a 
discrepancy between the testing dataset’s RMSE and MAE values in PCR, PLSR, and MLR. For MLR, 
the testing dataset’s RMSE is 0.3469, and MAE is 0.2714. Meanwhile, for the PCR and PLSR models, 
the RMSE and MAE values were much lower than MLR which are between 9.9402×10-5 and 
6.0609×10-5. These results also show that based on the testing dataset’s RMSE and MAE values, PLSR 
performed slightly better than PCR because PLSR considers both input and output variables, while 
PCR only takes into account the input variables [22]. 

Additionally, as seen from Table 1, with the training datasets, the MLR had the highest R2 of 
approximately 1, whereas the PCR and PLSR both had slight lower R2 values of 0.9999. These results 
indicate that these models have similar predictive performance for the training datatset. However, a 
large degree of multicollinearity and redundancy occur in hyperspectral images [17]. MLR is not 
susceptible to the multicollinearity of data; therefore, when predicting the concentration of 
adulterant in sago flour with the testing dataset that is not used for model development, the R2 value 
of MLR was much lower than PCR and PLSR. For testing datasets, the PCR and PLSR models with 
optimized hyperparameters returned values of 0.9995 and 0.9998 and outperformed the MLR model, 
which had an R2 of 0.8817.  From these results, it can be concluded that PLSR has better overall results 
as compared to MLR and PCR. 
 

Table 1 
Performance metrics of MLR, PCR, and PLSR models on adulterated sago samples 

Model RMSE 
(train) 

RMSE 
(test) 

MAE 
(train) MAE (test) R2 (train) R2 

(test) 

MLR 4.0873×10-

13 0.3469 3.1645×10-

13 0.2714 ~1 0.8817 

PCR 

PC = 21 

2.8136×10-

4 
9.9402×10-

5 
2.1634×10-

4 7.7420×10-5 0.9999 0.9995 

PLSR 

LV = 15 

1.6942×10-

4 
7.6768×10-

5 
1.2639×10-

4 6.0609×10-5 0.9999  0.9998 

 
4. Conclusions 
 

This study used a hyperspectral camera within the 400-1,000 nm Vis-NIR spectral range to capture 
hyperspectral images of sago flour samples adulterated with calcium carbonate. The raw spectral 
data was analyzed, and the mean reflectance spectrum was extracted from the ROI of this raw data. 
The images were further sub-sampled to increase the size of the dataset. The extracted data was 
then tested to predict the concentration of calcium carbonate in sago flour using MLR, PCR and PLSR 
models. For PCR and PLSR, their hyperparameters, PCs, and LVs were optimized, respectively, and 
the models produced better predictive results than MLR, especially for the testing dataset. To 
conclude the overall results for training and testing datasets, PLSR performs better than MLR and 
PCR in predicting calcium carbonate concentration in sago flour over a spectral range of 400-1,000 
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nm. These results demonstrate that PLSR is more suitable to be used for the efficacy of Vis-NIR 
hyperspectral imaging in providing detailed and non-destructive insights into sago flour properties, 
surpassing the limitations of conventional approaches. 
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