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Drying Efficiency of Hop (Humulus lupulus L.)

Beer is the most produced alcoholic beverage in the world with a production of 1.82 billion hectoliters in 2020, 
in which hops remain one of the most important raw materials. Hops drying stands as a key step to reduce  
the moisture right after the harvest, avoiding deterioration. Drying remains an issue due to a lack of process 
control, high energy demand, and consequently greenhouse gas emissions. This study intends to probe  
into the viability of computational modeling for time prediction to optimize the drying step of processing.  
For that, KNN, ANN, and Random Forest algorithms were compared with conventional empirical models  
according to statistical error and accuracy. From the outcomes, it was constructed a model with high accuracy 
R² > 0.999 using the KNN and Random Forest algorithms. It demonstrates higher accuracy in comparison  
with conventional mathematical models as well as a simple and more rapid time prediction. The new tool  
developed and tested in this study enables the reduction of drying time by a model using wider process  
variables. Consequently, the product quality is enhanced, and the drying footprint might be reduced by more 
effective energy usage. 
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1	 Introduction

Beer is the most produced alcoholic beverage in the world, with 
a production of 1.82 billion hectoliters in 2020 [1]. The main raw 
materials are barley malt, yeast, water, and hops [2]. Hop is an 
important ingredient in beer, adding flavor through its unique bitter 
compounds and essential oils [3]. New hopping techniques, such 
as dry hopping, and an increase in hoppy beer consumption have 
led to hop production growth in the past decades, reaching 62,366 
ha of hop cultivation in 2020 [4]. Furthermore, higher demand 
for the addition of hops widely impacts the environment due to 
greenhouse gas emissions during its cultivation and processing. 
Hop production is responsible for emitting 3.5 to 5.5 kg of CO2 per 
kilogram of hops, as a sum of the footprint of agricultural machinery, 
pesticides, fertilizers, and drying [5]. 

The moisture of fresh cones is reduced by drying on the farm right 
after picking [6]. However, hop drying requires massive energy 
consumption, impacting greatly on hop processing footprint. This 
step is crucial to enhance quality during storage, avoiding mold 
potential, which can lead to microbiological deterioration [5, 7]. 
Reducing the drying time might be one key to CO2 mitigation in 

hop production. Furthermore, an optimized drying process leads 
to product quality enhancement by avoiding over-maturation of 
hop cones.

The food drying process involves a complex matrix with physico-
chemical transformation and structural changes [8]. Therefore, the 
drying process optimization is rarely obtained by empirical math-
ematical models. Several empirical models have been developed 
in the past decades to predict drying process variables, such as 
temperature, drying rate, and moisture rate. However, those models 
are limited regarding time prediction [9–13]. Machine learning ap-
plication offers several advantages when compared with empirical 
modeling techniques due to their ability to adjust non-linear func-
tions, learning suitability, and flexibility to numerous systems [14]. 
Among those, Artificial Neural Networks (ANN), Random Forest, 
and K-Nearest Neighbor (KNN) have been widely used in food 
research to optimize food processing, such as fruit drying, detect 
fraud in food matrices, and control food product quality [15–19]. 

To date, no studies have been found using the machine learning 
approach to predict drying time, despite this method being already 
explored in moisture content prediction [18, 19, 21, 40]. Therefore, 
this study benefits from the advantages of using computational tools 
as an alternative to empirical mathematical models. Considering the 
challenge of hop farms in controlling the drying process, this study 
aims to propose a novel method to predict the drying time of hops by 
using machine learning techniques to build a more accurate model 
including a wider range of drying parameters. Those models were 
developed using drying absolute temperature, wet-bulb temperature 
(air temperature measured by a thermometer bulb surrounded by 
a wet cloth), dry-bulb temperature (air temperature measured by 
a thermometer bulb), and moisture. They offer an alternative tool 
for process optimization and control, leading to energy efficiency 
improvements and, consequently, reduction of greenhouse gas 
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emissions. In addition, more precise drying time control reduces 
post-harvest waste on the farms due to the faster process. 

2	 Materials and Methods

This study compares the five classic empirical models used in 
the drying process with the three most common machine learning 
algorithms trained and tested with the same experimental dataset. 
The dataset was randomly split into training (70 %) and testing 
groups (30 %). It was composed of the 5 numeric attributes (in-
cluding time as a class) and 3818 instances (Fig. 1). The empirical 
and machine learning models were compared according to the R² 
and Root Mean Square Error (RMSE). The detailed methodology 
for data collection, drying experiment, and the machine learning 
models’ parameters are in the following sections. 

2.1	 Drying experiment

To collect the experimental data on the drying process for the 
models’ construction, Brazilian hops (Humulus lupulus L.) variety 
‘Mantiqueira’ was used in the present study. All cones were dried 
in triplicate at 70, 55, and 40 °C with an air velocity of 6.6 m/s 

and volumetric airflow of 0.013 m³/s. The air temperatures were 
measured using fixed-type T thermocouples (Ecklund-Harrison, 
USA) installed inside and outside of the drier. All thermocouples 
were connected to a data logger (Almemo 2890-9, Ahlborn, 
Germany), and data were analyzed using a Microsoft Excel® 
spreadsheet. As shown in figure 2, the trials were carried out in 
three perforated (mesh 14, wires 30 mm) 314 stainless steel 30 × 
20 × 10 cm baskets placed in model MA035 oven drier (Marconi, 
Piracicaba, Brazil). Each batch was performed with three baskets 
containing 100 g of hops each. The hop’s weight was measured 
during the drying process by one of the baskets linked to a weight 
balance connected to a PC, acquiring the data every minute by 
self-developed software. The moisture content was analyzed 
following the Hops-4 ASBC (American Society of Brewing and 
Chemists) [20] method adapted using 1 g of sample dried in an 
oven drier for 2 hours at 105 °C. 

The moisture rate (MR) is a dimensionless value that was calculated 
according to equation 1. 

                                                                (Eq. 1)

Where, X, Xeq an,d X0 correspond to average moisture content 
at weighting time (g/gsolids), average equilibrium moisture content  
(g/gsolids), and average initial moisture content (g/gsolids), respectively 
[22]. The equilibrium moisture content was determined by drying 
a hops batch until a constant weight was achieved, which is char-
acterized as in equilibrium.

2.2	 Effective Moisture Diffusivity and Activation Energy  
	 Determination

The effective moisture diffusivity was calculated by Fick’s law, as-
suming diffusion as the principal mechanism of water transfer [23].

                                                     (Eq. 2)

The equation 3 solution arises with the assumption of uniform 
initial moisture distribution, constant diffusion, and a spherical 
shape during drying:

   
 

                                                                                            (Eq. 3)

where n is the polynomial coefficient, t is the drying time (s), re is the 
sample radius (m), and Deff is the effective moisture diffusivity (m²/s).

For the extended drying process, Equation 3 could be simplified 
to the first term, resulting in equation 4.

                                    (Eq. 4)

Equation 5 represents the linear relation of equation 4 after loga-
rithmic transformation. 

                            (Eq. 5)

The diffusivity coefficient (K1) was obtained from the ln (MR) × time 
plotted chart, resulting in equation 6.

Fig. 1	 Machine learning dataset composition

 

Fig. 2	 Diagram of drying experiment with data collection
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                                                              (Eq. 6)

The activation energy was calculated based on the Arrhenius equa-
tion from the relationship between effective moisture diffusivity and 
the average temperature.

                           
 

                        (Eq. 7)

where Ta is the absolute air temperature (K), Rg is the gas con-
stant (8,3143 kJ/mol), D0 is the pre-exponential factor, and Ea is 
the activation energy (kJ/mol). The linear relation of equation 7 
results in equation 8.

                                       (Eq. 8)

The activation energy coefficient (K2) was obtained from the slope 
of ln (Deff) ×  plotted chart, resulting in equation 9.

                                                                          (Eq. 9)

2.3	 Empirical mathematical modeling

Five of the most used mathematical models for drying were selected 
to compare with the model built by machine learning (Table 1). 
Those models contain the moisture rate as a function of time and 
the constants are calculated by fitting the experimental data. 

2.4	 Machine Learning Methods

Three models of machine learning were tested and compared to the 
mathematical ones: Artificial Neural Network, Random Forest, and 
K-Nearest Neighborhood. Here, is proposed their usage to predict 
the drying time of hops. These algorithms were selected due to 
their efficiency and malleability in prediction, being widely used for 
decades in health research for disease development prediction, 
demonstrating the suitability of the machine learning tools [24–29]. 

The machine learning models were built as the input attributes of 
the absolute temperature (°C), wet-bulb temperature (°C), dry-bulb 
temperature (°C), moisture content (gwater/gsolids) and drying time 
(s) as a class. The model was constructed with 3819 instances 
through cross-validation with 10 folds.

Artificial Neural Network: This model was built using the clas-
sifier Multilayer Perceptron at Weka® (version 3.9.4, Hamilton, 
New Zealand) which uses backpropagation to teach a multi-layer 
perceptron to classify instances. It is named weka.classifiers.

functions.MultilayerPerceptron. The dataset was trained and 
tested through Cross-validation with 10 folds. Since the class is 
numeric, the output nodes have non-thresholded linear units. The 
network parameters were modified to achieve higher model fitting. 
The algorithm was set to normalize the attributes and the numeric 
class to improve network performance. The momentum applied 
to the weight updates was 0.2, the number of decimal places 
used for the output of numbers in the model was 2, the learning 
rate for weight updates was 0.3, and the batch size, which is the 
preferred number of instances to process if the batch prediction 
is being performed, was 100 instances. The number of seeds was 
optimized to achieve higher network performance. This model 
used 4 seeds to initialize the random number generator. The hid-
den layers of the neural network were set as ‘t’ which means the 
number of attributes + classes.

Random Forest: The model was built using the classifier Random 
Forest at Weka® (version 3.9.4, Hamilton, New Zealand) which is a 
special case of boosting meta classifier constructed by a forest of 
random trees [30]. It is named weka.classifiers.trees.RandomFor-
est. The dataset was trained and tested through Cross-validation 
with 10 folds. The trees parameters were the default of Weka with 
the random number seed used as 1, the number of execution slots 
(threads) to use for constructing the ensemble as 1, the size of 
each bag as 100, and the number of decimal places to be used 
for the output of numbers in the model as two, the batch size set 
as 100, the number of trees in the random forest as 100, and the 
tree depth set as unlimited.

K-Nearest Neighbor: The model was built using the K-nearest 
neighbors classifier at Weka® (version 3.9.4, Hamilton, New Zea-
land) which is named weka.classifiers.lazy.IBk [31]. The dataset 
was trained and tested through Cross-validation with 10 folds. The 
K value selection was based on cross-validation, using the meta 
classifier Cross-validation Parameter selection (weka.classifiers.
meta.CVParameterSelection) [32]. The classifier parameters were 
used by the software default with one random seed, 10 folds used 
for cross-validation, two decimal places to be used for the output of 
numbers in the model, batch size of 100 instances, and the scheme 
parameters set to cross-validation "K 1 10 10". The regression with 
the KNN classifier was performed using the 2 nearest neighbors, 
as selected by cross-validation, Euclidean distance, batch size 
of 100 instances, the output of numbers in the model set as two 
decimal places, and window size set as 0, which means there was 
no limit to the number of training instances.

3	 Bitter acid analyses

3.1	 Sample preparation 

Samples of fresh and dried cones were lyophilized for 24 hours to 
eliminate residual water and milled using liquid nitrogen to avoid 
oxidation reactions. The analysis was carried out in triplicate for 
each sample. For bitter acid extraction, 20 mL methanol was added 
to 250 mg of hop powder (acidified with 0.01 % formic acid) in a 
falcon tube and agitated for 1 hour. The samples were centrifuged 
(Laborline, Barueri, Brazil) for 5 min at 700 ×g and an aliquot of 
5 mL of supernatant was withdrawn and transferred to an amber 

Table 1	 Empirical Mathematical Drying Model

Model Name Equation References

Newton MR = exp (-kt) [9]

Page MR = exp (-ktn) [10]

Logarithmic MR = a exp (-kt) + c [11]

Two terms MR = a exp (-k1t) + b exp (-k2t) [12]

Henderson e 
Pabis modified MR = a exp (-kt) + b exp (-gt) +c exp (-ht) [13]
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glass tube. The samples were filtered using a 0.45 µm cellulose 
filter supplied by Sinergia Científica (Campinas, Brazil) and fol-
lowed by HPLC (High-Pressure Liquid Chromatography) analysis. 

3.2	 HPLC analysis 

The α- and β-acid contents were determined by HPLC (Waters 
Corporation, Milford, USA), according to the method adapted from 
Keukeleire et al. (2003) and Hops-14 ASBC (American Society of 
Brewing and Chemists, 2008). The column used for compound 
separation was a C-18 column (SunFire, 250 × 4.6 mm, 5 µm; 
Water Corporation, Milford, USA). Chromatographic conditions 
consisted of an isocratic gradient composed of 15 % eluent A (milli-Q 
water acidified with 1.47 % (v/v) phosphoric acid 85 %) and 85 % 
of eluent B (HPLC-grade methanol). The injection volume was 10 
µL using a Waters 717 plus autosampler. The flow rate was 1 mL/
min, the run time was 50 min, and the column temperature was 
25 °C. The detection was at 314 nm for α- and β-acids and 370 nm 
for xanthohumol using the Waters 996 photodiode array detector. 
The retention time comparison with an external standard (ICE-4 

and xanthohumol 60 % Standard), also applied for quantification 
of α-, β-acids, and xanthohumol determined the identification of 
the peaks.

3.3	 Surface Color Measurement

The surface color of samples was determined by a portable color-
imeter MiniScan XE (Hunter Associates Laboratory, Inc., Reston, 
Virginia, USA), with enlightening D65 and an observation angle of 
10°. The CIE Lab color parameters, i.e., L* (whiteness or bright-
ness), a* (redness or greenness), and b* (yellowness or blueness) 
coordinates, were used to describe the color of samples. Color 
measurements were taken in triplicate.

3.4	 Total Essential Oil Content 

Total oil content was determined using hydro-distillation, following 
the methodology described by ASBC (American Society of Brewing 
and Chemists, 2011b). 100 g of fresh and dried hops were submitted 
separately to hydro-distillation for 4 h using a Clevenger apparatus. 

Fig. 3	 Overall influence of drying temperature on the main hop quality parameters: a) Difference between fresh hop and dried at 70°C*; b) 
Difference between fresh hop and dried at 55°C*; c) Difference between fresh hop and dried at 40°C*; d) Correlogram constructed 
from Pearson’s correlation** (* L*, a*, and b* corresponding to color CIELAB parameters: L* value indicates lightness, a* and b* 
are chromaticity coordinates; **Detailed data is available in Supplementary Material (Table S2))
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The volume of oil was observed in the receiver. 

3.5	 Statistical analysis

The temperature (40, 55, and 70 °C) effects on hop chemical 
analytes were evaluated by a percentual difference calculated be-
tween fresh and dried hops and presented in a bar plot constructed 
using RStudio (Package: ggplot). Pearson’s correlation between 
the results was performed in RStudio (Package: Heatmaply). The 
drying curves modeling by the empirical models was performed 
by non-linear regression analysis using Origin software (version 
OriginPro 2020b). The experimental data were fitted with the em-
pirical mathematical models, obtaining R² and root mean square 
error (RMSE) values which were used to evaluate the model’s fit 
to the dataset.

4	 Results and Discussion

4.1	 Effect of drying process on hop quality

The drying process substantially affects food matrices due to higher 
temperature or processing time applications. Figure 3 shows the 
overall modification of hop quality during drying at each temperature. 
The results of the main hop quality parameters were evaluated as 
a percentual difference in the values between the applied tempera-
ture and fresh hops (Fig. a-c) and Pearson’s correlation through 
a correlogram (Fig. d). A percentual difference between the trials 
was chosen to facilitate the comprehension of the dataset which 
comprises several compounds and color parameters. Hop color 
modified greatly in the temperature range with the discoloration more 
prominent at 70 and 40 °C. The parameter a* is the chromaticity 
coordinate of the CIELAB color space diagram (Supplementary 
Material, Fig. S2) that ranges from green (- a) to red (+ a) [33]. 
a* values increased in all temperatures, representing the green 
color degradation from fresh green towards green-brown due to 
the chlorophyll degradation by heat and 
oxidation [34]. Interestingly, the difference 
was higher in the lower temperatures 
(Supplementary File, Table S4) which 
evidences the great effect of prolonged 
drying time on green color degradation. 
Therefore, controlling the termination 
period of drying could reduce the color 
degradation in hops and, consequently, 
enhance the product quality. 

Hop total essential oil became one of 
the main requirements for good quality 
due to the high demand for hoppy aroma 
in beer. However, the total essential oil 
content was greatly affected by the dry-
ing process, decreasing by 65.8 % when 
dried at 70 °C (Supplementary File, Table 
S3). Figure 3 a-c demonstrates that the 
total essential oil content decreases 
considerably with the temperature in-
crease. Despite extended time at 40 °C, 
this condition represented the lowest 

difference in the total essential oil content between the fresh and 
dried hops. This study’s finding demonstrates that the processing 
time has a lower influence on essential oil maintenance in com-
parison with the temperature. The essential oil components are 
heat-labile substances, and the higher temperature increases the 
heat transfer from the surrounding air to the compounds, achiev-
ing faster activation energy to volatile [35]. Rybka et al. [36, 37] 
demonstrated the greater effect of drying temperature on the hop 
essential oil preservation as well as hop quality. In their study, a 
Saaz variety dried at 40 °C lost 13.6 % of total essential oil content 
in comparison with 47.0 % when hop was dried at 60 °C. However, 
Rubottom et al. [38] showed that drying temperature impact is va-
riety- and crop-dependent with lower effect on hop oil composition 
and sensory evaluation. 

As demonstrated in the bar chart in figure 3 a-c, the drying process 
had no effect on the hop bitter acids and xanthohumol content. 
The difference in those compounds’ content between the fresh 
hops and the dried ones was proximal to zero in all temperatures, 
highlighting the thermostability of those compounds. This finding 
is in concordance with Sturm et al. [39] results which confirmed 
the thermostability of α- and β-acids during the drying regardless 
of the bulk weight.

Figure 3 d presents the correlation between those chemical analytes 
measured. Interestingly, total essential oil content represented a 
high correlation with the color parameters which can be certainly 
explained by the degradation of color alongside the essential oil 
content decrease during drying. Hop color is a relevant quality 
attribute for product acceptance by the consumer and it is also 
an indicator of the overall product quality. In that sense, Sturm 
et al. [40] developed an in-process predictive model for moisture 
content and color with the aid of non-invasive optical sensors. This 
highlights the feasibility of hop quality enhancement through the 
usage of modern tools as well as process optimization. 

Fig. 4	 R² and RMSE values for the best mathematical model fit in each drying temperaturea 
(left) and the machine learning models (right); aThe R² and RMSE values for all math-
ematical models are found in Table S1 (Supplementary Material)
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4.2	 Comparison of Conventional Mathematical Models  
	 and Machine Learning Models

In figure 4, it can be seen that the Page model sufficiently described 
the moisture ratio prediction for the temperatures of 40 and 70 °C, 
with higher R² values (> 0.999) and lower RMSE values (< 0.06). 
While for the temperature of 55 °C the logarithmic model fitted 
greatly the experimental data, due to the higher values of R² (>0.999) 
and lower RMSE values (<0.03). The findings of the current study 
are consistent with those of Demir et al. [41] study which found 
suitability in Page’s model for predicting the moisture rate in bay 
leaves drying kinetics. Furthermore, Darvish et al. [42] dill leaf 
drying study demonstrated that the logarithmic model offered the 
best fit to the experimental data in drying kinetics.

The prediction of drying time presented higher accuracy of the 
KNN and Random Forest model with a higher R² value (>0.999) 
and lower RMSE (< 7.5) in comparison with the ANN model (R² < 
0.999) (Fig. 4). As expected, the Random Forest algorithm fitted 
the experimental data sufficiently due to its capacity to build a ran-
domized decision tree in each iteration of the bagging algorithm, 
producing excellent predictors [14]. The KNN algorithm is described 
in the literature as a lazy classifier and is usually slower than 
Random Forest and Multilayer Perceptron algorithms. However, 
in this study, the KNN algorithm completed the model in less than 
1 second, whereas the Random Forest and ANN algorithms took 
1.82 and 3.59 seconds, respectively. Therefore, for this dataset, 
the KNN algorithm demonstrated reasonable performance regard-
ing computational execution and reduced error rates. The best fit 
occurred with the Random Forest and KNN models due to the 
reduced error rate and fewer data dissipation (Fig. 5). Pearson’s 
correlation of these models is 0.9991 and 0.9992 with R² values 
of 0.9982 and 0.9983, respectively. On the other hand, Pearson’s 
correlation for the ANN model stands out at 0.9829 with an R² 
value of 0.9658, demonstrating the model’s reduced ability for 
data fitting and prediction. 

Although Page’s model at 70 °C and the logarithmic model at 
55 °C achieved similar correlation coefficient values to the KNN 
model, their time prediction demonstrates limited regarding the 
process parameters used. The empirical mathematical modeling 
predicts the moisture ratio instead of drying time. The drying time 
calculation adds complexity to the time prediction through both 
the Page’s and logarithmic models [23]. In this case, would be 
necessary to integrate several assumptions which could reduce the 
prediction accuracy as well as adding needless effort. Therefore, 
the machine learning model is suitable for non-linear datasets 
and facilitates the construction of a complex model using more 
attributes. Furthermore, this study used open-source software, to 
facilitate the user’s comprehension, which could be implemented 
in the computers on the farm. Once the model is constructed, an 
output (drying time) is generated by the addition of new inputs. 
However, further investigation must be performed to validate this 
model to other datasets, since the results obtained in this study 
are specifically for the dataset used. 

4.3	 Implications of using machine learning to predict 
	 the drying time of hops

Fig. 5	 Predicted versus experimental drying time using the 10 
cross-validation folds: a) ANN model; b) Random Forest 
model; c) KNN model

As shown in figure 6, the effective moisture diffusivity coefficient 
(Deff ) has a clear correlation with the air temperature, increasing 
3-folds when the temperature shifts from 40 to 70 °C. Generally, 
the values for agricultural or food products are placed between 10-12 
and 10-8 [43]. A study by Khaled et al. [44] found similar results for 
the persimmon fruit Deff, ranging from 1.3 × 10-9 to 9.2 × 10-9. There-
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fore, the values found for the hop cones are within the expected. 
Diffusivity is defined as the moisture transport phenomenon in food 
and is described by Fick’s law [23, 45]. Elevated air temperatures 
lead to higher heat transfer to inner water which flows rapidly to 
the surface [23]. The Deff increases at a higher temperature due 
to the water molecule's diffusional movement over a shorter time. 
However, high temperatures and increased Deff lead to profound 
texture changes during the process. In hops, the bracts contain 
lower moisture content whereas string has higher moisture and 
is placed inner the cones, coming into less contact with the sur-
rounding air [46]. During drying, bracts dry more rapidly than the 
string and, consequently, culminate in different final moisture [47]. 
By extending the exposure time, hop cones undergo over-drying 
that causes shatter due to the glass transition, especially in the 
bracts, to a vitreous state [48]. In that case, hop cones tend to 
lose more lupulin gland along with the main hop compounds, 
devaluating the product. 

The activation energy was obtained by the Arrhenius-type equa-
tion. The value for hops was found to be 30.784 kJ/mol, within 
the expected range of activation energy. For agricultural and food 
products, an amount of activation energy between 12.7 and 110 
kJ/mol is expected [43]. Activation energy is the minimum amount 
necessary to initiate water flow from the product to the surface and 
it is directly correlated to diffusivity [49]. 

Machine learning has been widely used for prediction in the past 
decades, allowing elevated accuracy along with reduced efforts. 
During the drying process, time and temperature are the main 
parameters that influence efficiency and energy expenditure. 
Nevertheless, climate conditions demonstrate a large effect on 
the drying performance due to water diffusivity to the outer air as 
well as the moisture transfer rate from inside the product to the 
surrounding air, represented by D

eff. Therefore, the machine learn-
ing models were built using not only the common parameters as 
attributes (temperature, and moisture rate) but also the environ-
mental measurements (dry- and wet-bulb temperature) in order 
to provide more accurate results for process improvement at the 

hop farm. The machine learning model presented in that study 
could be improved by the addition of further weather conditions 
and process parameters, such as environmental moisture, inner 
product temperature, and air velocity. Furthermore, a scale-up 
study is recommended to validate the machine learning model for 
real setup conditions. 

The machine learning modeling as developed in that study permits 
drying time reduction due to sharp control using additional process 
variables, enhancing the product quality. Diminished drying time 
enables producers to increase daily production, resulting in lower 
cone mold deterioration after harvesting due to reduced storage 
time at a higher moisture content [6]. Drying process optimization 
by machine learning produces high-quality hops with minimal 
energy expenditure, reducing over-drying. The drying step leads 
to a higher carbon footprint in the hops processing [50]; therefore, 
avoiding energy expenses is paramount to reducing greenhouse 
gas emissions as well as minimizing costs. 

5	 Conclusion

For the first time, this study proposed using machine learning as a 
modeling tool for predicting the drying time of hops, which might be 
a key to improving the process in a more sustainable and economi-
cal direction. The performance of machine learning and empirical 
models was similar; however, the KNN model was able to describe 
a wider range of experimental data, whereas the application of 
empirical models is limited to fewer attributes. Machine learning 
has the advantage of considering not only the common parameters 
(temperature, and moisture rate) but also environmental measure-
ments (dry- and wet-bulb temperature) which greatly affects hop 
drying performance. However, there is still room to improve the 
methodology proposed here, by extensive research using further 
weather conditions and process parameters that were not consid-
ered in this study, as well as exploring the process scale-up with 
other hop varieties and validation with other datasets. 
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Supplementary Material

Table S1	 Correlation coefficient and Root Mean Squared Error values to the fitted model

Absolute Temperature Model R² RMSE

40 °C

Newton 0.9867 0.6078

Page 0.9987 0.0578

Logarithmic 0.9979 0.0927

Two terms 0.9919 0.3685

Henderson e Pabis modified 0.9919 0.3685

55 °C

Newton 0.9837 0.3701

Page 0.9989 0.0230

Logarithmic 0.9991 0.0210

Two terms 0.9914 0.1949

Henderson e Pabis modified 0.9914 0.1949

70 °C

Newton 0.9877 0.1910

Page 0.9992 0.0119

Logarithmic 0.9975 0.0383

Two terms 0.9942 0.0901

Henderson e Pabis modified 0.9942 0.0901

Fig. S1	 The system used for the drying trials Fig. S2	 CIE L* a* b* color space diagram (Ly et al., 2020)¹
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Table S2	 Correlogram's dataset calculated with Pearson's correlation

Person's correlation calculated with hop quality dataset

a* – 0.17 – 0.99 – 0.92 – 0.35 – 0.26 – 0.05 0.04 0.55 0.77 0.90 1.00

b* – 0.58 – 0.93 – 0.83 0.02 0.13 0.37 0.46 0.86 0.95 1.00 -

Xanthohumol – 0.69 – 0.81 – 0.80 0.05 0.18 0.45 0.55 0.93 1.00 - -

Colupulone – 0.90 – 0.61 – 0.53 0.41 0.52 0.74 0.81 1.00 - - -

N+Adhumulone – 0.98 – 0.12 0.05 0.85 0.91 0.99 1.00 - - - -

Total Alpha-Acids – 0.95 – 0.03 0.17 0.91 0.96 1.00 - - - - -

N+Adlupulone – 0.82 0.18 0.42 0.99 1.00 - - - - - -

Cohumulone – 0.74 0.27 0.53 1.00 - - - - - - -

Total Essential Oil 0.12 0.90 1.00 - - - - - - -  

L* 0.26 1.00 - - - - - - - - -

Total Betal-Acids 1.00 - - - - - - - - - -

 
Total 
Beta-
Acids

L*
Total Es-
sential 

Oil

Cohu-
mulone N+Adlupulone

Total 
Alpha-
Acids

N+Adhumulone Colupu-
lone

Xantho-
humol b* a*

*The parameters L*, a*, and b* corresponding to color CIELAB parameters: L* value indicates lightness, a* and b* are chromaticity coordinates

Table S3	 Average of hop composition and color parameters of fresh and dried hops

Treatment Color Bitter Acids
Xantho-
humol 

(%)

Essential 
Oil

L* a* b*
Total 

Alpha-
Acids

Cohu-
mulone N+Adhumulone

Total 
Beta-
Acids

Colupu-
lone N+Adlupulone

Total Es-
sential Oil 
(mL/100 g)

Fresh Hops 63,41 -1,05 34,47 3,36 0,79 2,57 2,67 1,37 1,30 0,26 1,52

40°C 57,26 3,39 35,34 3,12 0,72 2,40 2,83 1,34 1,18 0,27 0,79

55°C 57,49 3,02 35,88 3,26 0,73 2,52 2,66 1,45 1,22 0,3 0,66

70°C 54,77 4,53 36,72 3,46 0,79 2,67 2,52 1,51 1,32 0,31 0,52

Table S4	 Hop quality evaluation by the difference between fresh and dried hops

Treatment Fresh 
Hops 40°C 55°C 70°C

Difference 
(40°C – 
Fresh 
Hops)

Difference 
(40°C – 
Fresh 

Hops) %

Difference 
(55°C – 
Fresh 
Hops)

Difference 
(55°C – 
Fresh 

Hops) %

Difference 
(70°C – 
Fresh 
Hops)

Difference 
(70°C – 
Fresh 

Hops) %

Color L* 63,41 57,26 57,49 54,77 – 6,15 – 0,11 – 5,92 – 0,10 – 8,64 – 0,16

a* – 1,05 3,39 3,02 4,53 4,44 1,31 4,07 1,35 5,58 1,23

b* 34,47 35,34 35,88 36,72 0,87 0,02 1,41 0,04 2,25 0,06

Bitter 
Acids

Total Alpha-
Acids 3,36 3,12 3,26 3,46 – 0,23 – 0,07 – 0,10 – 0,03 0,10 0,03

Cohumulone 0,79 0,72 0,73 0,79 – 0,07 – 0,10 – 0,06 – 0,08 0,00 0,00

N+Adhumulone 2,57 2,40 2,52 2,67 – 0,17 – 0,07 – 0,05 – 0,02 0,10 0,04

Total Beta-
Acids 2,67 2,83 2,66 2,52 0,16 0,06 – 0,01 0,00 – 0,15 – 0,06

Colupulone 1,37 1,34 1,45 1,51 – 0,03 – 0,02 0,08 0,05 0,15 0,10

N+Adlupulone 1,30 1,18 1,22 1,32 – 0,12 – 0,10 – 0,09 – 0,07 0,01 0,01

Xanthohumol 
(%) 0,26 0,27 0,30 0,31 0,01 0,04 0,04 0,13 0,05 0,16

Essential 
Oil

Total Essential 
Oil (mL/100g) 1,52 0,79 0,66 0,52 – 0,73 – 0,92 – 0,86 – 1,30 – 1,00 – 1,92

*Difference calculated from the values at 70 °C-FH, 55 °C-FH, and 40 °C-FH


