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Introduction

The sugar industry is one of the major sectors that
substantially contributes to the national economy and food
security in Indonesia, with the primary source of sugar
being sugar factories that are crucial to converting sugar
cane into consumable sugar for the populace (Ramadhan
et al. 2024). However, the industry faces various challenges,
including fluctuations in production yields each season,
process inefficiencies and competitive pressures in domestic
and international markets (Asrol et al., 2020; 2021; Silalahi,
2024).

Sugar recovery (the ratio of sugar produced to the weight of
sugarcane processed) has an important function in production
recovery. According to data from the Ministry of Agriculture's
Directorate General of Plantations (2024), Indonesia's sugar
recovery varied over the previous 5 yr, declining by an average
of 1.91% between 2019 and 2023. In addition, 2022 saw the
lowest sugar recovery value in the previous 10 yr, reaching
only 6.6% (Prasetyo, 2023). A high sugar recovery value
indicates good efficiency in the production process, whereas
a low value reflects potential economic losses. Several factors
must be considered, including the quality of raw sugarcane
and the efficiency of factory processing, which influence
this variation in sugar recovery (Bantacut et al., 2012; Jaelani,
etal., 2022).

Improving production process efficiency begins with
the accurate prediction of sugar recovery, as this allows
sugar mills to adopt a more proactive approach early on
to optimize the sugar extraction process (Akbarian et al.,
2022). In practice, many sugar mills in Indonesia still rely on
conventional methods to predict yield values. The commonly
used method involves calculating sugarcane yield based on the
Pol and Brix analysis of the cane juice before the production
process is completed (Subiyanto, 2017), while the final sugar
yield is calculated based on the amount of crystal sugar
produced divided by the amount of cane milled, expressed
as a percentage (Pusdatin Kementan, 2021). In conventional
practice, Pol and Brix values are measured manually using
laboratory instruments such as a polarimeter and refractometer,
respectively. The process requires multiple sampling points
and is highly dependent on operator precision. However, this
approach has substantial limitations. The Pol-Brix analysis is
time-consuming and only reflects the sucrose concentration
in the cane juice at the sampling point. This condition fails to
consider the influence of process parameters such as maturity

factors, juice purity or boiling house recovery. Consequently,
such methods fail to represent the nonlinear and cross-stage
relationships between raw material quality and process losses
occurring throughout milling, purification and crystallization
stages.

In addition to conventional methods, the linear regression
model developed by Cahyani, Marimin and Sukardi (2017)
showed limitations in representing the complex and nonlinear
relationships between variables affecting sugar recovery. The
model's dependence on a few linear predictors, such as the MBS
(Mature, Clean, Fresh) criteria and the Brix and Pol values of
the sugarcane, indicates that conventional statistical methods
are insufficient to capture process variability. Satpathi et al.
(2025) studied sugarcane yield prediction based on a statistical
approach using multiple linear regression (MLR) to assess the
correlation between independent variables on weather and the
dependent variable, sugarcane yield. The performance of MLR
in that study was the lowest compared to penalized regression
and machine learning approaches for detecting sugar recovery
across several sub-districts, with the training R value below
80% and the testing R? value below 10%, indicating the
limited generalization capability of the model. Another study
by Istifanus et al. (2018) applied a process-based simulation
model using the MATLAB software to predict sugar yield
at a Nigerian sugar factory, achieving an efficiency of about
75% with no significant difference from field data. This
simulation approach effectively replicated process outputs;
however, there was a lack of adaptive learning capability.
Several yield prediction studies focused on predicting the
sugarcane yield as raw material before the production process
(Mishra et al., 2022; Nihar et al., 2022), rather than the final
sugar recovery. Therefore, the current study focused on filling
the research gap by applying machine learning based on
process modeling.

In the current study, the prediction model was designed
using regression-based machine learning. Other published
research has explored various models for predicting sugarcane
yield and sugar recovery, including support vector regression
(Paidipati et al. 2022; Satpathi et al. 2025), support vector
machine (Asrol et al., 2020), Random Forest (RF; Xu et al.,
2020; Todd et al., 2021; Kumar et al., 2024) and artificial
neural networks (ANN; Maldaner et al., 2021). Among these,
tree-based ensemble models such as RF, XGBoost and ANN
have shown superior performance due to their ability to
handle nonlinear interactions, multicollinearity and process
heterogeneity in agro-industrial data (Satpathi et al., 2025;
Napthaleni and Asrol, 2025). Therefore, these three machine
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learning models were selected in the current study to develop
a predictive model of sugar recovery that integrates process
efficiency indicators and quality control data across multiple
factory stations.

The current study focused on several key issues:
1) identifying the factors that contribute significantly to
variations in the final sugar yield from sugarcane; and
2) developing a predictive model for final sugar recovery
using supervised machine learning algorithms (RF, XGBoost,
ANN). The scope of this research covered: 1) the research
object, which focused on the sugar agroindustry, using
sugarcane as the raw material at Sugar Mill XYZ; and
2) the extent of sugar yield prediction, which was traced from
sugarcane reception at the factory gate to the packaging process
of white crystal sugar.

Materials and Methods
Data description and research flow

This study was conducted at Sugar Factory XYZ, a
sugarcane-based agroindustry in West Java, Indonesia, using
daily quality control data collected from various production
stations ranging from cane reception to the final spinning stage
during the 2020-2024 milling seasons. The name of the mill
has been made generic to protect confidential commercially
valuable data. Each observation represented an independent
milling batch with unique raw material composition and process

conditions. Thus, the final sugar recovery (target variable)
was modeled through a static regression framework rather
than a time-series approach due to the absence of temporal
dependency between consecutive days. The selection of
model attributes was combined with a literature review, expert
adjustment with plant managers and sugarcane researchers
and data-driven feature importance analysis to identify key
variables influencing sugar recovery, forming the structured
research workflow presented in Fig. 1.

Data processing

Sugar recovery prediction was performed using
quality control-related data collected during production at
the sugar mill located in West Java Province, Indonesia.
The initial dataset used for model development consisted of
18 features (Table 1), with 699 unprocessed records representing
daily milling data from 2020 to 2024 in sugarcane milling
seasons.

The process began with the identification of missing values,
where some attribute values in the dataset were unfilled or
empty (Alfarisi et al., 2013). Empty entries were removed
or imputed to avoid affecting model building. In this case,
missing data were addressed using a median-based imputation
method for numerical variables in the predictor variables (X) to
preserve the central tendency of the predictor variables while
reducing the influence of outliers. For missing target data,
the data row was deleted to preserve the central tendency of
numerical distributions.

Data collection

——>/ Sugar recovery data />

Data exploration » Preprocessing data

k-Fold cross
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Predictive model
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Y

Prediction model
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Training data |
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Testing data A E—
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Fig. 1 Research modeling workflow
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Table 1 Base parameters used in modelling.

Technique Parameter Value
Random forest Number of trees (n_estimator) 100
Maximum depth 10
Minimum samples leaf 1
Minimum samples split 2
Extreme gradient boosting Number of trees (n_estimator) 100
Maximum depth 6
Learning rate 0.1
Subsample 0.8
Scale pos weight 1
Gamma 0
Artificial neural network Number of hidden layers 3
(mixed linear programming -regression) Neurons per layer [64, 32, 16]
Activation function ReLU (hidden), Linear (output)
Optimizer Adam
Batch size 8
Epochs 300

Next, the distributional characteristics of the features,
correlations between the variables and the existence of outliers
were assessed using descriptive statistical analysis. Boxplot
visualization was used to detect outliers. Min-max scaling was
used to normalize all numerical variables to standardize the
feature space and avoid scale dominance.

Following normalization, feature importance scores from
early model runs were used to select features. To cut down on
noise and dimensionality, features that consistently contributed
little to the target variable were removed. After that, the
dataset was split 80% and 20% at random into the training and
testing subsets, respectively (Karaogul et al., 2025). Random
sampling ensured that both subsets maintained representative
distributions of important statistical parameters to reduce
sampling bias and possible overfitting.

The model's generalizability was evaluated by additional
validation using a k-fold cross-validation procedure with five
folds (k = 5) applied to the training set. Each iteration used
one fold for validation and four for training, with the data
divided into five equal folds. To ensure that every fold was used
as the validation set once, this procedure was carried out
five times. This technique enhances the reliability of
performance estimation by averaging results across multiple
training-validation steps to avoid variance and estimation bias
(Hafid, 2023).

Feature importance analysis
The feature importance analysis was conducted in two

stages. Experts in sugarcane processing participated in
structured interviews to provide qualitative input during

the first phase. The aim of these expert consultations was
to determine the main agronomic and operational factors
affecting final sugar recovery.

The second phase applied quantitative analysis, using
machine learning techniques on historical production data,
to determine objectively each feature's relative contribution.
Two algorithms were used: RF, implemented with the scikit-
learn library (Nihar et al., 2022) and XGBoost, using the plot_
importance() function from the xgboost library (Kurniawanda
and Tobing 2022).

Feature importance in RF was evaluated based on each
decision tree's average feature importance calculations.
The feature importance calculation was based on the reduction
in impurity produced by each feature when dividing nodes in
the decision tree (Anshul, 2024). This is formally expressed in

Eq. (1):
n= %[impurity - (Lf\?ih” x right impurity) - (7NI$;”) x left impurity)] (1

For the XGBoost algorithm, feature importance was
derived from the reduction in impurity after a feature-based
split, measured using either the Gini index or information
gain. The contribution of a feature was calculated based on
the weighted average impurity of a parent node compared to
the sum of the weighted impurities of the left and right child
nodes after the split (Elith, Leathwick and Hastie 2008),
as shown in Eq. (2):

Gini index = 1 - 3 (P.)?
=

= 1P+ (P @
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where P; = probability of observations belonging to class
i, P, = probability of the positive class, P. = probability of the
negative class and n = total number of classes in the target
variable (binary or multiclass classification).

Machine learning algorithms

Three machine learning algorithms were used to carry
out the prediction modelling (RF, XGBoost, ANN). For
the RF regression model, prediction involved constructing
an ensemble of & decision trees and averaging their outputs to
reduce variance. The prediction function is defined in Eq. (3):

~

fo) =Ly h,x) 3)

1
k £

where k is the total number of trees in the forest and h,(x) is
the prediction from the i tree.

Default settings for random forest regression parameters
are shown in Table 1. XGBoost used a stage-wise additive
model to minimize the residual errors of previous models
(Kurniawanda and Tobing 2022). The process began by
initializing predictions with the mean of the target variable, as
shown in (Eq. (4) and Eq. (5):

hy(x) = mean(Y) 4)
Y =Y - hyx) 5)

where hy(x) = initial prediction (base learner) equal to
the mean of the target variable in the training dataset, Y =
observed (actual) target value and Y = residual, representing
the difference between the observed value and the initial
prediction.

Each subsequent model f(x) was trained on the residuals of
the preceding ensemble, with the final prediction being the sum
of all base learners. The model aimed to minimize the objective
function shown in Eq. (6):

Lo :il(y"’ J;](z—l) +f,(xi)) +Q (fr) (6)

where 1(+) is the loss function and Q(f)) is the regularization
term to penalize model complexity (Chen and Guestrin 2016).
Initial processing parameters and values for the XGBoost
model's parameters are shown in Table 1.

The ANN model, which is modeled after biological neurons
akin to those in the human brain (Sharma and Kaur 2018),
comprises three layers: the input layer, the hidden layer and
the output layer. The input layer has nodes and the number
of independent predictors determines the number of nodes in
the input layer. The hidden layer's neurons use an activation
function to convert a neuron's activation level into an output
signal. The primary processes occur in the hidden layer and
the outputs are then passed to the output layer. The output
(h;) of neuron i in the hidden layer is described by Eq. (7)
(Wang, 2003):

h=0 (Z}l, Vix; Tihid) ™)

where o is the activation function, N is the quantity of input
neurons, V; is the weights, x; is the neuron inputs and T is
the hidden neurons’ threshold.

Following model construction, prediction errors were
averaged across iterations to assess performance. The optimizer
was used to perform hyperparameter tuning to determine the
best fit for both algorithms.

Model evaluation

The model was evaluated by contrasting the predicted sugar
recovery values with the observed values, using two statistical
error metrics: mean squared error (MSE) and mean absolute
error (MAE). The mean of the squared differences between the
actual and predicted values was computed to perform the MSE
evaluation, as defined in Eq. (8).

MSE = L3 (v~ 3 ®

=1

where n is the number of observations, y; is the actual value
and ¥,1s the predicted value. In contrast, the average magnitude
of mistakes in a series of forecasts was represented by MAE
(Shetty et al. 2021), without considering their direction, using

Eq. (9):

MAE = %Zl [y, = 3 ©)

The mean absolute percentage error (MAPE) was used
to assess the model's relative accuracy (de Myttenaere et al.,
2016) and was calculated based on averaging the absolute
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percentage discrepancies between the actual and anticipated
values for each observation, as shown in Eq. (10):

_ LYo (10)
MAPE = (3|75~ 100])

The percentage of the response variable's variation to that
the independent variables in the regression model could account
for was measured using the coefficient of determination R”.
R?is a number between 0 and 1, where higher values indicate
that the model accounts for a larger percentage of the variance
(Colin Cameron and Windmeijer 1997). The computation of
R?is given in Eq. (11):

S 175
- W) (b

Results and Discussion
Data preprocessing

Data on attributes influencing the final sugar recovery
were collected and subjected to a data preprocessing stage.
The dataset was obtained from daily quality control reports
of the installation and fabrication divisions at the sugar mill
during milling days from 2020 to 2024. The data consisted
of daily observations of Brix, Pol, apparent purity and other

Table 2 Descriptive statistics of sugar recovery data before pre-processing.

relevant variables across various processing stages, including
milling (mill.), clarification (clar.), evaporation (eva.),
crystallization (crys.) and centrifugation (centr.) stations.
The number of milling days changed annually depending
on the factory's operating preparedness and raw material
availability.

Before developing the predictive model, the raw dataset
was preprocessed to guarantee data validity. The results of
the first data exploration are shown in Table 2, which guided
the subsequent imputation and removal of missing values,
while considering the target and independent variables. Outlier
detection was done in addition to missing value analysis to
assess the distribution of the data.

The interquartile range approach was used to eliminate
outliers to guarantee data quality and lessen the impact of
extreme values. Six variables (winter recovery, apparent
purity of Pan A, clarification efficiency, BHR, Pol of filter
cake, apparent purity of clear juice) were subjected to this
procedure after they were found to contain possible outliers.
These variables exhibited extreme right-skewness or irregular
distributions that could negatively impact model training and
evaluation.

To address multicollinearity, Pol of extracted juice and
total Brix extraction yield were excluded due to their high
correlations with Brix of extracted juice and milling potential
efficiency, as indicated by the Pearson correlation values
(Jr] > 0.96). Descriptive statistics of the dataset after
preprocessing are presented in Table 3.

Attribute name Unit Minimum Maximum SD N Missing
Pol in cane (material) % 4.30 25.36 0.94 664 35
Brix of extracted juice (mill.) % 13.06 19.06 1.22 666 33
Pol of extracted juice (mill.) % 10.15 15.20 0.99 666 33
Milling potential efficiency (mill.) % 46.73 119.96 3.34 666 33
Total of Brix extraction yield (mill.) % 61.04 134.86 3.13 664 35
Cane juice concentration (mill.) % 16.49 249.03 10.11 665 34
Equivalent purity Ratio (mill.) % 10.11 100.53 1.76 666 33
Winter recovery (mill.) % -129.02 3811.18 150.90 659 48
Pol of bagasse (mill.) % 1.85 3.28 0.33 665 34
Boiling house recovery (BHR) % 0.00 198.30 16.17 643 56
Brix of raw juice (clar.) % 9.42 13.93 0.77 666 33
Pol in filter cake (clar.) % 0.00 3.56 0.27 659 40
Apparent purity of clear juice (clar.) % 0.00 81.32 5.44 663 36
Clarification efficiency (clar.) % 0.00 100.00 5.25 664 35
Brix of fine syrup (eva.) % 0.00 68.15 4.71 661 38
Apparent purity of pan A (crys.) % 0.00 12400 1908 665 34
Apparent purity of molasses (centr.) % 0.00 46.58 2.90 647 52
Final sugar recovery % 0.04 19.65 1.49 655 44

mill. = milling stage; clar. = clarification stage; eva. = evaporation stage; crys. = crystallization stage; centr. = centrifugation stage.
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Table 3 Descriptive statistics of sugar recovery data after pre-processing.

Attribute name Unit Minimum Maximum SD N Missing
Pol in cane % 7.83 11.48 0.58 481 0
Brix of extracted juice % 13.14 19.06 1.17 481 0
Milling potential efficiency % 84.56 98.60 2.36 481 0
Cane juice concentration % 57.39 92.87 6.90 481 0
Equivalent purity ratio % 87.24 99.23 1.48 481 0
Winter recovery % 71.21 115.41 7.86 481 0
Pol of bagasse % 1.85 3.24 0.32 481 0
Boiling house recovery % 60.14 100.42 7.37 481 0
Brix of raw juice % 9.81 13.93 0.74 481 0
Pol in filter cake % 1.91 2.68 0.15 481 0
Apparent purity of clear juice % 73.79 80.49 1.39 481 0
Clarification efficiency % 1.21 17.22 2.97 481 0
Brix of fine syrup % 46.26 68.15 1.61 481 0
Apparent purity of Pan A % 3850 9300 1170.55 481 0
Apparent purity of molasses % 26.65 42.93 2.39 481 0
Final sugar recovery % 5.30 9.66 0.58 481 0

Model performance

Predictive modeling was performed using the RF,
XGBoost and ANN algorithms, with 20% of the dataset put
aside for testing and the remaining 80% used for training.
A five-fold cross-validation process was used on the training
dataset to guarantee equal representation and lessen bias
between the training and testing subsets and the entire dataset.
A baseline model with relatively low accuracy was obtained
after constructing the initial model using default parameters
(see Table 1). The MSE value was 1.6801 with an R? of
13.06% and an MAPE of 8.52% in the RF model.
A hyperparameter adjustment was required to optimize the
model under these conditions. For better model performance,
hyperparameter tuning was carried out utilizing the random
search technique. The optimal hyperparameters for the
RF and XGBoost models were obtained using random search,
see Table 4, while ANN used Adam optimization.

Following hyperparameter tuning, model validation was
conducted using the previously separated testing dataset.

Table 4 Optimal hyperparameters used.

Singla, Garg and Dubey (2020) studied the performance
evaluation used to estimate final sugar recovery, utilizing
performance criteria such as MSE, MAE, MAPE and R2.
Table 5 displays the best evaluation results for the current
models and the parameters aiding in sugar recovery prediction.

Based on 15 chosen features, the XGBoost model had
the best predicted final sugar recovery (MSE = 0.038 and
MAE = 0.116). In addition, the model produced an R* value
of 86.84% and MAPE of 1.81%, indicating high accuracy and
explained variance.

Fig. 2 compares the predicted and actual sugar recovery
values. Visual examination revealed that the predicted values
closely matched the actual values, suggesting that this model
could be practical for predicting the final sugar recovery under
the right input feature and parameter settings. Furthermore,
Fig. 3 compares the actual and predicted daily sugar recovery
values for the 2024 milling season. There was little deviation
and strong alignment between the actual trend and the predicted
values. On day 43, there was just a slight deviation. Overall, the
model was reliable and accurate at forecasting sugar recovery.

Table 5 Performance evaluation statistics for machine learning models.

Algorithm Parameter Value Final sugar recovery

Random forest Number of trees (n_estimator) 100 RF XGB ANN
Maximum depth None MSE 0.059 0.038 0.0182
Max_features Auto MAE 0.1512 0.116 0.8485
Minimum samples leaf 1 MAPE 2.16% 1.81% 1.12%
Minimum samples split 2 R? 0.808 0.8684 0.8989

Extreme gradient ~ Number of trees (n_estimator) 100 RF = random forest method; XGB = extreme gradient boosting; ANN

boosting Maximum depth 3 = artificial neural network; MSE = mean squared error; MAE = mean
Learning rate 02 absolute error; MAPE = mean absolute percentage error; R* = coefficient
Subsample 0.6 of determination.
Scale pos weight 0.8

Gamma 0
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Feature importance results

The RF and XGBoost models showed a consistent pattern
in the feature importance analysis results, highlighting
a set of dominant variables that greatly influenced final sugar
recovery predictions (Fig. 4) The RF model identified the
top-three contributing features (with markedly higher
importance scores than the remaining variables) as: BHR,
representing the recovery efficiency at the boiler house stage
and computed as the ratio of sugar solids in syrup to those in
mixed juice, independent of the final sugar output; WR; and
HPG. These findings highlight how important raw material
properties and downstream process efficiency influence the
ultimate sugar recovery. Since they play a part in intermediate
processing stages, other variables, such as the apparent purity

of Pan A and Pol in cane, were also determined to be of
moderate importance.

The XGBoost model (Fig. 4) had a comparable feature
ranking to that of the RF model, with BHR, WR and HPG
having the greatest influence. The consistency between the
two algorithms supported the robustness of these variables
as important predictors. Clarification efficiency and Pol of
filter cake were also given considerable weight by XGBoost,
indicating that minute changes in juice purity and by-product
recovery could further influence model performance. The
selected features' validity was reinforced by the congruence of
the data-driven insights and the qualitative expert judgment,
which facilitated their incorporation into the predictive systems
for sugar mill operational optimization.
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gradient boosting.

Implications for sugarcane production

The developed prediction model has the potential to
improve decision-making for sugarcane production as sugar
mills could predict expected yield outcomes more precisely
using model outputs during the milling season. This would
allow for more efficient planning of operational tasks such
as milling schedules, equipment readiness, labor allocation
and raw material logistics. Proactive corrective actions,
such as process modification or material segregation, could
be informed by early detection of low-recovery batches,
decreasing production inefficiencies and increasing throughout
overall.

Furthermore, real-time sugar recovery optimization would
be possible by dynamically adjusting process parameters based
on integrating predictive modeling into production workflows.
For example, targeted interventions could be implemented at the
clarification, evaporation or crystallization stations to mitigate
yield loss if model predictions showed a lower expected
recovery because of decreased apparent purity or suboptimal
BHR. Such predictive insights could also help with harvest
scheduling and raw material procurement planning in the larger
framework of supply chain optimization, guaranteeing that
premium cane was given priority and processed under ideal

circumstances. Ultimately, this data-driven strategy would help
the sugarcane industry transition to precision agro-industrial
management.

Conclusion and Recommendation

A predictive model was successfully developed and
validated, using adjusted and validated datasets to ensure the
predictive model's dependability for real-world applications.
The study showed that the XGBoost algorithm was effective
at predicting the final sugar recovery based on key process-
related variables. The model was developed using 16 selected
features, refined through expert validation and optimized
using hyperparameter tuning via the random search method.
Based on important process-related variables, the study
demonstrated that the XGBoost algorithm could provide
accurate forecasts of the final sugar recovery. In total,
16 chosen features were used to build the model, which was
improved based on expert validation and hyperparameter tuning
using the random search technique. The model performed
excellently, with an MSE of 0.03852, an MAE of 0.116
and an exceptionally low MAPE of 1.81%. These results
demonstrated the model's high predictive accuracy. The R?
value of 86.84% confirmed the strong fit between the actual
and predicted values. Boiling house recovery, winter recovery,
milling potential efficiency and Pol in cane were the most
important variables.

The optimized model should be incorporated into
the factory's operational and logistics systems to facilitate
real-time decision-making and process optimization.
Facilitation could include making digital dashboards, modules
for planning raw materials and tools for scheduling harvests.
Real-time data streaming from production systems and in-field
sensors would be facilitated if future research could focus
on automating the predictive framework through Internet
of Things integration. This would allow for continuous
monitoring and predictive analytics, improving operational
efficiency and scalability in sugar mills.
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