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Abstract. Some common methods for determining the coffee roast degree 

include colour measurement, moisture content analysis, and Agtron value 

assessment using a specialised spectrometer. This study develops a 

mathematical model to predict the roasting degree using a single reflectance 

characteristic from the AS7265X sensor. Spectral data from coffee samples 

were collected across different roasting stages, and mathematical models 

(i.e., linear, polynomial, exponential, logarithmic) with cross-validation 

techniques were built to establish relationships between individual 

reflectance features and key parameters: Agtron value, moisture content, and 

L* value. The results demonstrate that specific wavelengths strongly 

correlate with roasting degree indicators. The best performing models for 

each parameter were Agtron with reflectance at 860 nm using second order 

polynomial (R²cv= 0.985, RMSEcv = 4.671), Moisture content with 

reflectance at 460 nm using second order polynomial (R²cv = 0.838, RMSEcv 

= 0.864), and L* with reflectance at 810 nm using exponential (R²cv = 0.929, 

RMSEcv = 3.086). These findings highlight the potential of spectral data for 

non-destructive and real-time monitoring of the roasting process. The 

developed model offers an efficient tool for coffee quality control, 

particularly in industrial applications. Future research could explore 

machine learning techniques to enhance prediction accuracy using more 

robust and diverse datasets.  

1 Introduction 

The roasting process is a critical determinant of coffee quality, profoundly influencing the 

chemical composition, flavour profile, and sensory characteristics of the final product [1,2]. 

As coffee beans undergo thermal treatment, complex physicochemical transformations occur, 

including Maillard reactions, caramelization, and pyrolysis, which collectively dictate the 

roast degree [3]. Accurate determination of the roasting degree is essential for maintaining 

consistency in coffee production and ensuring optimal consumer acceptance [4,5]. It is also 
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critical for achieving desired final quality, impacting attributes like colour, aroma, and 

moisture content. Traditionally, roast degree assessment has relied on subjective human 

evaluation, visual inspection of bean colour, or indirect measurements such as temperature-

time profiling [4]. However, these methods are often inconsistent, labour-intensive, and ill-

suited for real-time quality control in industrial settings. Therefore, a more reliable and 

objective approach is required to quantify the roasting degree accurately. 

One of the most widely recognized methods for quantifying coffee roasting degree is the 

Agtron-based classification, which uses Agtron measuring instruments to provide a 

standardized numerical value [6]. This method has become a global standard, ensuring 

consistency in cupping tests and facilitating communication among coffee producers, 

roasters, and buyers [6]. By knowing the Agtron value, which ranges from 0 to 130, roast 

level of coffee can immediately determine quantitatively. In the Specialty Coffee Association 

(SCA) classification standard, there are eight coffee classifications based on Agtron value: 

extremely light, very light, light, medium light, medium, medium dark, dark, and very dark. 

For example, an Agtron value < 30 is a very dark level, while > 91 is included in the extremely 

light class. However, Agtron devices are expensive and not always accessible to small-scale 

coffee producers or researchers in resource-limited settings. This limitation has driven the 

search for alternative methods that are more affordable while maintaining accuracy. 

Near-infrared (NIR) spectroscopy has emerged as a promising alternative for non-

destructive and rapid assessment of coffee roasting degree [6]. However, studies mostly use 

commercially available instruments with purchase costs frequently exceeding 1000 USD [7]. 

Thus, among various NIR-based approaches, low-cost spectral sensors such as the AS7265X 

have gained attention due to their affordability, portability, and ease of integration into 

industrial and research applications. A study stated that the cost of making a prototype based 

on this sensor was only around 120 USD. The AS7265X sensor covers a broad spectral range 

and has been widely applied in food analysis, making it a viable candidate for coffee roasting 

assessment. This sensor works by transmitting light from 3 types of LEDs (UV LED, white 

LED, and IR LED) to the material/product, then its reflectance is captured by a photodiode 

sensor consisting of 18 wavelength channels ranging from 410 nm to 940 nm. The 410–940 

nm spectral range (visible and shortwave NIR) according to the AS7265X sensor 

specifications has the potential to be used as a basis for estimating roasting levels, represented 

by parameters such as moisture content, lightness (L*) value from the CIE L*a*b* colour 

space, and the Agtron index. Studies have shown that the L* value of coffee decreases as 

roasting time increases [1,8], which is closely related to changes in the visible light spectrum. 

In addition, water content and Agtron values may be estimated through vibrations in both the 

visible and near-infrared (NIR) regions, as chemical changes in coffee during roasting are 

reflected in its physical appearance, particularly colour. This aligns with research indicating 

that wavelengths around 700 nm and 900 nm correspond to the third overtone vibrations of 

O–H and C–H bonds, respectively [9]. 

To maximize the potential of AS7265X in coffee roasting classification, there is a need 

for a simple yet effective mathematical model that can predict Agtron values and other key 

roasting parameters based on individual reflectance data. By developing such a model, the 

roasting degree can be estimated in a cost-effective manner, reducing dependence on 

expensive Agtron instruments. Therefore, this research aims to develop a mathematical 

model to predict coffee roast degree (Agtron, L*, and moisture content) using spectral 

characteristics from the AS7265X sensor and provide a low-cost and non-destructive 

alternative for real-time monitoring of coffee roasting processes. 
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2 Materials and methods  

2.1 Sample preparation  

The coffee samples used were separate types of Robusta and Arabica coffee. Robusta coffee 

came from Dampit (East Java, Indonesia) and Temanggung (Central Java, Indonesia), and 

Arabica came from Gayo (Aceh, Indonesia) and Flores (East Nusa Tenggara, Indonesia). All 

coffee beans obtained through certified distributors comply with the Indonesian National 

Standard for Grade 1 quality, namely coffee beans free from defects (no insects, fungi, or 

rot), a maximum water content of 12.5%, and impurities not exceeding 0.5% of the total 

mass. Before the roasting experiment, the coffee beans were stored in tightly closed 

containers at a controlled temperature between 25°C and 30°C. 

Roasting was carried out using a drum-type coffee roaster with a capacity of 500 grams 

per batch. Roasting began with a preheating process so that the temperature of the roasting 

room reached 190°C. After this temperature was reached, the coffee sample was fed through 

the hopper. Roasting was performed at several roasting time variations to obtain coffee at 

various roasting levels, i.e., 3, 5, 7, 8, 9, 9, 9.5, 10., 10.5, and 11 minutes. Coffee parameter 

data were taken in three repetitions.   

2.2 Analysis of Agtron, moisture content, and L* value  

The analysis of coffee sample includes Agtron value, moisture content, and lightness value 

represented by L* which is colorimetric indicator from the CIE L*a*b* colour space. Agtron 

parameters was measured using a roast coffee analyser CM-100 type (Lighttells Corp. Ltd., 

Taiwan) which represents the roast level quantitatively with qualifications between 

extremely dark (<30) to extremely light (>91). Moisture content was measured using the 

method of the Association of Official Analytical Chemists (AOAC), which involves 

gravimetric drying to quantify moisture levels. L* parameter was measured via the CIE Lab* 

colour space system using a Konica Minolta CR-400 Chromameter (Konica Minolta Sensing, 

Inc., Osaka, Japan). 

2.3 Spectral data acquisition  

To measure spectral data from the coffee samples in the form of light reflection properties 

across visible and near-infrared wavelengths (410–940 nm), a specialised system was 

developed using an AS7275X multispectral detector [4]. This configuration gathered 

reflectance information via 18 unique wavelength bands, allowing a detailed examination of 

coffee beans’ light-interaction features. The AS7265X sensor, a compact and budget-friendly 

tool for multi-wavelength analysis, covers 18 spectral bands within the 410–940 nm 

spectrum. Its affordability and small size make it advantageous for projects with constrained 

resources. The device integrates effortlessly with common microcontroller platforms (e.g., 

Arduino, ESP) using standardized communication protocols, streamlining its incorporation 

into experimental setups. Functionally, the system uses a tri-phase lighting approach: 

ultraviolet (UV), visible, and infrared (IR) LEDs activate in sequence to scan samples (Fig. 

1). Six narrow bands (410, 435, 460, 485, 510, 535 nm) detected the UV LED (405 nm) 

reflectance, six intermediate wavelengths (560, 585, 610, 645, 680, 705 nm) captured the 

visible LED (5700 k) reflectance, and six longer wavelengths (730, 760, 810, 860, 900, 940 

nm) detected the IR LED (875 nm) reflectance. 
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Fig. 1. Schematic principle of coffee bean spectral data acquisition using AS7265X (Adapted 

from [4]). 

2.4 Mathematical modelling  

This study aims to develop a mathematical model for predicting coffee roasting indicators, 

including the novel application of the Agtron scale, which is a previously underexplored 

variable in this context, alongside the established parameters L* (lightness) and moisture 

content. The modelling framework employs a single-variable regression approach to identify 

optimal wavelengths within spectral data for accurate estimation of these indicators. Four 

types of mathematical models were employed in this study: linear, second-order polynomial, 

exponential, and logarithmic, as presented in Eq. 1 to Eq. 4, where Y is the estimated 

parameter, X is the spectral data value at a certain wavelength, a is a constant, b1 and b2 are 

coefficient. The model evaluation metrics used as criteria are R2 and RMSE which are 

calculated using Eq. 5 and Eq. 6 respectively. Higher R2 values, along with lower RMSE, 

indicate better model performance [10]. Modelling was performed using a cross-validation 

technique with 5K-folds as presented in Fig. 2 combined with reflectance parameter 

optimization using GridSearchCV. All computational work was performed using Python 

3.9.13 in a Jupyter Notebook environment (v6.5.4). By systematically linking spectral 

patterns to roasting metrics, this approach provides a data-driven foundation for optimizing 

roast-level assessment in coffee processing. 

Y   = a+b1X        (1) 

Y   = a+b1X+b2X2
       (2) 

Y   = EXP(a+b1X)       (3) 

Y   = a+b ln(X)        (4) 

R2
cv  = 1 −

∑ (𝑦𝑒,𝑖−𝑦𝑝,𝑖)
2𝑁

𝑖=1

∑ (𝑦𝑒,𝑖−𝑦𝑖̅̅̅)
2𝑁

𝑖=1
      (5) 

RMSEcv = [
1

𝑁
∑ (𝑦𝑒,𝑖 − 𝑦𝑝,𝑖)

𝑁

𝑖=1

2
]

1

2

     (6) 
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Fig. 2. Model evaluation using 5K-fold cross-validation. 

 

3 Results and discussion 

3.1 Effect of roasting on Agtron, moisture content, and L* value  

Fig. 3 presents three sub-graphics illustrating the effect of roasting time (x-axis in all cases) 

on three different quality attributes of coffee: Agtron value, moisture content, and L* value. 

The Agtron value, which indicates roast degree (higher values = lighter roast), shows a strong 

nonlinear decrease as roasting time increase. The parabolic model (concave downward) 

suggests a rapid decline in Agtron value after a certain roasting threshold, consistent with the 

browning and Maillard reactions accelerating as beans are roasted longer. The high R² 

(0.9403) indicates excellent model fit, suggesting that roasting time strongly explains the 

variation in Agtron value. This is critical for roast control, as Agtron is a standard metric for 

roast classification (light, medium, dark). 

 

Fig. 3. Changes in Agtron, moisture content, and L* value during roasting. 

Moisture content decreases with increasing roasting time, which is expected as water 

evaporates during thermal treatment. Although the curve is slightly nonlinear, the dominant 

trend is a nearly linear decrease, especially in the early to mid-stages of roasting. The slight 

Train set Test set

Split 1 Fold 1 Fold 1 Fold 1 Fold 1 Fold 1

Split 2 Fold 2 Fold 2 Fold 2 Fold 2 Fold 2

Split 3 Fold 3 Fold 3 Fold 3 Fold 3 Fold 3

Split 4 Fold 4 Fold 4 Fold 4 Fold 4 Fold 4

Split 5 Fold 5 Fold 5 Fold 5 Fold 5 Fold 5

All Data
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upward curvature in the polynomial could indicate a diminishing rate of moisture loss at 

longer roast times, possibly due to bound water or thermal equilibrium effects. The high R² 

again confirms a strong relationship, suggesting roasting time is a reliable predictor of 

residual moisture—a key parameter for shelf-life and quality preservation. Previous 

published paper reported that coffee roasting produces significant changes in the physical 

properties and chemical content of coffee beans [1,11,12]. The transformation from green 

bean coffee to roasted coffee causes physical changes such as moisture content, shape, 

density, structure and colour [12]. 

L* value decreases with roasting time, aligning with visual darkening due to pyrolysis 

and caramelization. This phenomenon is in line with several literature related to the effects 

of roasting on coffee characteristics. It was reported that roasting darkens the colour of coffee 

beans, with lightness (L*) values decreasing as roasting temperature and time increase 

[13,14].The trend shows a nonlinear reduction, possibly indicating a faster drop in lightness 

at earlier roasting stages, followed by a slower decline as beans approach very dark roast 

levels. The R² value of 0.889 is slightly lower than the other models, but still indicates a 

strong relationship, confirming L* is sensitive to roast progression and could be used for non-

invasive roast monitoring.  

3.2 Mathematical model for Agtron, moisture content and L* value  

Table 1 presents the model evaluation results for predicting Agtron, moisture content, and 

L* values based on individual spectral reflectance features (R) from the AS7265X sensor 

across 18 wavelengths (410–940 nm). Agtron values relate to internal chemical changes (e.g., 

Maillard reaction products, caramelization), which are best captured in the NIR and deep-red 

regions due to strong absorption by organic compounds. These regions penetrate deeper into 

the bean, providing information beyond surface colour. It was found that the reflectance at a 

wavelength of 860 nm gave the best value (R2
cv = 0.985, RMSEcv = 4.671) with the best 

mathematical model obtained presented in Eq. 7. In addition, linear model also showed 

comparable result with R2
cv 0.984. Several wavelengths with linear and polynomial model 

also showed R2
cv values > 0.95 such as 680, 810, 900 and 940 nm. 

Moisture prediction shows slightly lower R² values overall, with mid-visible to NIR 

wavelengths performing best. The top results are 460 nm using polynomial (R2
cv = 0.838, 

RMSEcv = 0.864), 510 nm using logarithmic (R²cv = 0.832, RMSEcv = 0.870), and 510 nm 

using linear (R²cv = 0.831, RMSEcv = 0.878). Water absorbs weakly in visible wavelengths 

but may influence reflectance due to changes in bean structure and light scattering. Thus, the 

wavelength of 460 nm gives the highest value with the mathematical model presented in Eq. 

8.  

L* value, representing surface lightness, shows high accuracy in the red and NIR region. 

The best performance is 810 nm using exponential (R²cv = 0.929, RMSEcv = 3.086), followed 

by 810 nm using polynomial (R²cv = 0.928, RMSEcv = 3.068), 705 nm using linear and 560 

nm using logarithmic. L* is a surface colour metric, and is therefore more influenced by 

visible reflectance, especially in the red/orange-yellow regions that correlate well with 

browning intensity. The best mathematical model for this parameter is presented in Eq. 9. 

 

A   = -59.4376+0.6825X+0.000741X2
   (7) 

Mc   = -13.5112+1.278X+0.0196X2
   (8) 

L*   = EXP(2.2784+0.0246X)    (9) 

 

The results of fitting the best model for the three parameters and the distribution of the data 

samples are presented in Fig. 4. It can be seen that of the three parameters, the best modelling 

results are for the Agtron parameter, where the data appears close to the best fit line, while 
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the water content and L* parameters tend to be somewhat scattered. This is why the R2 values 

for water content and L* are not higher than the Agtron value. From these results, it was also 

revealed that the Agtron value is the most suitable to be a roasting parameter because this 

index has become the standard for classifying roast levels into 8 classes ranging from 

extremely light, light, medium, dark and even very dark. For example, an Agtron value > 91 

is an extremely light roast level, a value of 81-90 is very light, a value of 51-60 is medium 

level and so on. Furthermore, the model formed with only one spectral variable, viz. 860 nm, 

has been proven to be usable because the RMSE value is below 5 (Agtron scale), which is 

still within the range of values in a roasting level class. 

Table 1. Results of mathematical model evaluation metrics after optimization using GridSearchCV 

on each type of model and wavelength feature. 

Target Model Feature R2
cv RMSEcv 

Agtron 

Linear R (860 nm) 0.984 4.754 

Polynomial R (860 nm) 0.985 4.671 

Exponential R (940 nm) 0.769 19.274 

Logarithmic R (645 nm) 0.974 6.076 

Moisture content 

Linear R (510 nm) 0.831 0.878 

Polynomial R (460 nm) 0.838 0.864 

Exponential R (535 nm) 0.751 1.081 

Logarithmic R (510 nm) 0.832 0.870 

L* value 

Linear R (705 nm) 0.915 3.492 

Polynomial R (810 nm) 0.928 3.068 

Exponential R (810 nm) 0.929 3.086 

Logarithmic R (560 nm) 0.904 3.520 
 

 

Fig. 4. The best fitting results of the mathematical model for Agtron, L* value, and moisture content. 

The findings of this study highlight the significance of accurately estimating roast level as an 

indicator of coffee quality, as literature shows that roast level directly influences flavour [14]. 

Different coffee types tend to reach their optimal flavour at varying roast levels (as measured 

by the Agtron value), and individual preferences for roast level can also vary widely [4]. 

Therefore, the mathematical model developed in this study offers practical value, as it can be 

integrated into a low-cost prototype roast level measuring device using the AS7265X sensor, 

providing an affordable alternative to the high-cost Agtron instrument. 
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4 Conclusion 

This study demonstrated the effectiveness of mathematical modelling and spectral analysis 

using the AS7265X multispectral sensor to predict key quality parameters of roasted coffee: 

Agtron value, moisture content, and L*. Polynomial regression models showed strong 

relationships between roasting time and each parameter, with R² values of 0.9403 (Agtron), 

0.9372 (moisture), and 0.8889 (L*), confirming the nonlinear dynamics of thermal 

transformation during roasting. Further evaluation of individual spectral features revealed 

that specific wavelengths within the AS7265X sensor provide high predictive performance. 

For Agtron, the best results were achieved in the near-infrared (NIR) region, especially at 

860 nm (R²cv= 0.985, RMSEcv = 4.671), indicating strong sensitivity to internal chemical 

changes such as Maillard reaction products. Moisture content showed moderate 

predictability, with optimal results around 460 nm (R²cv = 0.838, RMSEcv = 0.864), likely 

due to the combined effects of water loss and matrix transformation affecting light scattering. 

L* value, representing surface lightness, was best predicted using wavelengths in the 

shortwave NIR region (R²cv = 0.929, RMSEcv = 3.086). These findings validate the potential 

of low-cost spectral sensors and simple modelling approaches for rapid, non-destructive 

evaluation of coffee roasting quality. The distinct optimal wavelengths for each parameter 

also suggest opportunities for multispectral feature fusion or optimization in future model 

development. Overall, this approach offers a promising tool for enhancing quality control 

and process automation in coffee roasting industries. Further research is recommended to 

develop a more accurate and generalizable model. This can be achieved by applying machine 

learning techniques to a robust dataset that includes diverse coffee varieties. 
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