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ABSTRACT This work aims to evaluate the efficiency of a long-term yield forecasting system for each
minimum management unit (plot) at a sugar mill in Panama. Eleven teleconnections were used to forecast
tons of cane per hectare (TCH) using Machine Learning (ML) with a lead time of 15-17 months before
harvest. Three different ML models were trained, optimized, evaluated, and compared to select the best
one for each plot. This process integrated individual plot-based predictions and measured overall efficiency.
The Test results showed an average plot forecast of 79.00 TCH, while the average harvested TCH value
was 78.59. Specifically, the plot-based models obtained an average Root Mean Square Error (RMSE) of
6.95 and a coefficient of determination (R?) of 0.8018. Notably, this system contributes to achieving TCH
forecasts by plot with greater efficiency than conventional estimation by the farm manager. The 2024 harvest
was influenced by warm El Nifio-Southern Oscillation (ENSO) conditions and was used as a case study to
exemplify the system’s applicability in managing work plans and adjusting them to the yield goals set by
plot. To this end, individual plot yields were predicted in October 2022, resulting in a global average of 78.9
TCH. Based on the predicted results, a management plan was constructed and implemented in October 2022.
This plan projected changes in management practices that would alter the expected production scenarios and
unit costs. the cost per ton produced in the field decreased by 12.8 %, underscoring the effectiveness of the
management strategies. The presented forecasting system could be implemented in other sugar mills, trained
with local historical production data by plot, with the aim of being efficient in the use of inputs, minimizing
environmental impact and taking actions that consider the effects of climate change on production.

INDEX TERMS Climate teleconnections, machine learning, sugarcane, yield forecasts.

I. INTRODUCTION

The sugarcane agroindustry in Panama serves as a vital
economic engine. In the first half of 2024, it generated
$464 million in exports, accounting for 9.4 % of the
country’s total export revenue [1]. This sector is crucial
not only for international trade but also for economic
development, particularly in rural areas. It creates jobs and
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stimulates related activities, such as transportation, logistics,
and services.

This agroindustry contributes approximately 1 % to
Panama’s Gross Domestic Product (GDP), solidifying its
role as a strategic pillar of the national economy. Domestic
sugar demand is met by four sugar mills, with Azucarera
Nacional being the largest. With 6,500 hectares of sugarcane
fields, this mill faces the challenge of maintaining inter-
national competitiveness. Its strategy focuses on reducing
production costs, optimizing agro-input usage, and mitigating
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environmental impacts. Its main goal is to lower production
unit costs below the international sugar price. By moving
away from traditional practices such as global budgeting
and end-of-cycle performance analysis, Azucarera Nacional
aims to enhance expenditure management based on realistic
production expectations.

The primary objective of the standard management process
for sugarcane production is to reduce costs compared to
previous years. A traditional drawback is the disconnect
between the economic budget and the 12-month crop work
plan. This management process is further complicated by the
extensive land area and the staggered start dates of the crop
cycle (from January to March), which introduce significant
geographic and temporal diversity.

In addition to these complexities, the sugarcane agroin-
dustry faces numerous challenges related to climate vari-
ability. These challenges affect various stages of production,
including planting, harvesting, transportation, milling, and
commercialization.

To improve outcomes, several key changes to the standard
management process are proposed: 1) Production forecasting
for each minimum management unit (plot) will be advanced
by 15 to 17 months before harvest, depending on the harvest
month; 2) Strategic work plans and budgets will be prepared
3 months before the start of the crop cycle for fields harvested
in January, and 5 months earlier for those harvested in March.
These plans will be aligned with the most probable climatic
scenario in order to maximize production while minimizing
costs; 3) A robust system will be implemented for recording
environmental conditions, operational activities, and crop
responses throughout the cycle. This will enable adaptive
management by allowing for timely adjustments to emerging
needs, thus reducing the risk of ineffective interventions and
unnecessary financial expenditure.

An approach based on the proposed changes would
enable Azucarera Nacional to implement an integrated
risk management system that relies on climate forecasting,
production estimation, and continuous data collection. This
innovative approach would facilitate precise agronomic
decision-making, optimizing profitability at the field level
while rationalizing input management. Ultimately, this strat-
egy would enhance export competitiveness while promoting
economic, environmental, and food security in Panama.

In line with the first step of this roadmap, the objective
of this work is to measure the efficiency of a novel long-
term, plot-based forecasting system using Machine Learning
(ML) models with a time horizon of 15 to 17 months.
This system seeks to identify the most probable production
scenario, considering climatic potential. These forecasts
enable proactive management decisions to optimize resource
allocation, maximize yields, reduce unit production costs, and
set precise targets for operational planning and budgeting.

The developed system was evaluated using the 2024 har-
vest as a case study. Production forecasts were used to
anticipate potential unit costs and adjust crop management
plans. This revealed the need for a larger budget and,
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consequently, enabled production costs to be reduced by
achieving output values higher than the initial forecasts,
thanks to the effective management of changes to the original
plan. This was consistent with the second point of the
previously described roadmap.

It is important to note that this approach can be adapted
to different agroclimatic conditions and geographical areas,
offering a valuable framework for enhancing sugarcane
production elsewhere.

The structure of this article is as follows: the related work
to establish the foundation for the presented methodology
is reviewed in Sect. II. After that, the datasets used to
develop the forecasting systems are described in Sect. III.
The subsequent Sect. IV details the methodology applied
to develop and compare the long-term forecasting methods.
Sect. V presents and discusses the results of the experiments,
including evaluation metrics that demonstrate quantitative
improvements in crop yield and cost reduction. Finally,
Sect. VI summarizes the benefits of the approach and
highlights its potential for replication and contribution to
sustainable agricultural practices.

Il. RELATED WORK

Integrating long-term forecasting tools is crucial for the
effective management of agricultural systems, enabling the
adoption of proactive strategies in areas such as management
practices, water resources, environmental considerations, and
agricultural supplies [2], [3].

Previous research has explored various strategies to
optimize management processes in sugarcane production,
paying particular attention to the effects of climatic variability
on crop yield. Everingham et al. [4] highlighted the
importance of integrating seasonal climate forecasting sys-
tems, which improve decision-making throughout the value
chain regarding irrigation planning and yield expectations.
Tyagi et al. [5] introduced a time series model to forecast
long-term sugarcane production in India, assessing the impact
of climate change on crop yield. However, this model focuses
on regional forecasts and does not account for variations at the
parcel level or different harvest months.

Many studies correlate sea surface temperatures and
atmospheric interactions in different regions of the world with
their impact on local climate variability to estimate climatic
conditions. This phenomenon is known as teleconnec-
tions [6], [7], [8], [9]. Specifically, Literature shows studies
that use the El Nifio-Southern Oscillation (ENSO) [10],
[11], [12], [13] or combinations of various teleconnections
such as Sea Surface Temperature (SST), Arctic Oscillation
(AO),Antarctic Oscillation (AAQO), North Atlantic Oscilla-
tion (NAQO), and Indian Ocean Dipole (IOD) [14], [15], [16]
to forecast the annual production of various staple crops
such as rice, wheat, soybeans, sorghum, peanuts, and corn in
countries or macro-regions within countries.

Typically, these studies do not consider the harvest month
when selecting the optimal teleconnections. However, this
directly influences the results [17].
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This strategy has also been used for long-term sugarcane
forecasts based on ENSO [18], [19], [20], [21], [22], [23],
[24] or the integration of various teleconnections [25], [26].

These works have typically covered an entire harvest
season in a country or specific regions and have identi-
fied relationships between teleconnections and changes in
the Normalized Difference Vegetation Index (NDVI) and
production.

Nevertheless, this common approach does not usually
consider planting and harvesting months, nor does it provide
specific forecasts for each plot within a harvest season.
Consequently, the management and contextual peculiarities
of each plot are neglected.

Existing studies typically generate global production
predictions rather than plot-level forecasts, often overlooking
the variability of harvest months for each parcel. This
limitation restricts the ability to visualize the most probable
scenario and develop specific work plans for each plot that
leverage climatic potential or mitigate negative environmen-
tal impacts, and agricultural management plans in accordance
with the productive potential of each plot, which are managed
based on profit margins.

In this context, this work aims to produce differentiated
forecasts that take into account the month in which the
specific production cycle for each plot begins, with the
objective of defining the management plan and setting
expectations for production targets and costs. To achieve
this, a total of eleven teleconnections will be integrated as
independent variables.

To our knowledge, no previous approach has combined
multiple teleconnections to offer long-term, plot-specific
forecasts.

Ill. DATASET

Azucarera Nacional operates in the central region of Coclé,
Panama. The company manages production through plots.
The company oversees a total of 630 plots, each averaging
15 area in hectares (ha) in size. The distribution of these plots
is detailed in FIGURE 1.

@snmnross

FIGURE 1. Location of the work area: Panama is located in the Americas
(top-right). Azucarera Nacional is located in Panama (bottom-right).
Distribution of Azucarera Nacional’s production plots (left).
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The datasets used for productivity analysis and to develop
the forecasting models that support Azucarera Nacional’s
risk management strategy can be categorized into two main
groups: 1) Internal data, developed by the company for private
use, and 2) Public data, generated by third parties and openly
accessible.

A. INTERNAL DATA

Azucarera Nacional provided a comprehensive harvest
dataset covering the period from 2013 to 2023. This dataset
included plot-level information such as ha, tons of cane per
hectare (TCH), dollars per hectare ($/ha),dollars per hectare
($/TC), dollars per tons of sugar ($/TA), harvest date, planting
date, number of harvests, and variety name. The resulting
dataset was named DATA_YIELD.

B. PUBLIC DATA

The work also incorporated publicly available data on
teleconnections in various regions, as shown in FIGURE 2.
The specific teleconnections used are detailed below:
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FIGURE 2. Monitoring areas of each teleconnection.

e« AAO: A climate pattern characterized by variations
in atmospheric pressure over the Antarctic region that
influences weather patterns in the Southern Hemisphere.

e AO: The first mode of the Empirical Orthogonal
Functions (EOF) analysis of monthly mean height
anomalies at 1000 or 700 hectopascal (hPa), which
affects weather patterns in the Northern Hemisphere.

« Atlantic Multidecadal Oscillation (AMO): A pattern of
climate variability in the North Atlantic Ocean, charac-
terized by non-smoothed, multi-decadal fluctuations in
sea surface temperatures.

o Sea Surface Temperature in the Eastern Tropical Pacific
(NINO 142): An index representing the sea surface
temperature in the region of 0° - 10° S and 90° W, which
is critical for understanding El Nifio events.

« Sea Surface Temperature in the Central Tropical Pacific
(NINO 3): An index representing the sea surface
temperature in the region of 5° N - 5° S and 150° W
- 90° W. This index is significant for climate variability
assessments.
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« Sea Surface Temperature in the Central-Western Tropi-
cal Pacific (NINO 3.4): An index that indicates the sea
surface temperature in the region of 5° N - 5° S and
170° W - 120° W. It is often used in monitoring El Nifio
conditions.

« Sea Surface Temperature in the Western Tropical Pacific
(NINO 4): An index referring to the sea surface
temperature in the region of 5° N - 5° S and 160° E -
150° W. This index plays a role in climate dynamics.

o Warm Pool ENSO Index (CPAC): A climate index, also
known as El Nifio Modoki, representing variations in the
warm pool of the Pacific Ocean that influence global
weather patterns.

¢« NAO: A climate pattern in the North Atlantic that
describes the fluctuations in the difference of atmo-
spheric pressure at sea level between the Icelandic low
and the Azores high.

o Outgoing Longwave Radiation (OLR): A measure of
radiation emitted from the Earth’s surface in the region
of 5° N - 5° S and 160° E - 160° W. It provides insights
into tropical convection and climate variability.

o Pacific Warm Pool (PACWARMPOOL): A climate fea-
ture characterized by warm water temperatures spanning
from 10° N to 10° S and 120° E to 180° W. It plays a
crucial role in tropical climate dynamics.

All these variables were integrated into a dataset, with
values recorded for each month from October 2011 to July
2022. This database was named DATA_TELECOX.

It must be noted that the internal and the public data do not
cover the same time period, as the aim is to make 15-17 month
forecasts using teleconnection information. The monthly data
were sourced from the National Oceanic and Atmospheric
Administration (NOAA).

IV. METHODOLOGY

The internal and public datasets used in this work, referred
to as DATA_YIELD and DATA_TELECOX, were merged
into a single final dataset for developing the forecasting
models. This new dataset, named DATA_WORK, was created
by selecting the ID_plot, harvest year, harvest month, and
TCH variables from the DATA_ YIELD dataset. Furthermore,
10 monthly values of the linked teleconnections were added
to these variables for each plot from the DATA_TELECOX
dataset.

The selected 10-month period for each teleconnection
begins in October two years prior to the harvest year and ends
in July of the previous harvest year. Therefore, the period
begins 15 months before the harvest if it occurs in January and
17 months before if it occurs in March. Conversely, the period
ends 5 months prior to the harvest if it occurs in January, or 7
months if the harvest is carried out in March.

Taking the 2023 harvest as an example, as illustrated
in FIGURE 3, the teleconnection period begins in October
2021 and ends in July 2022.

The beginning of the selected teleconnection period is
always established based on the first harvest month, as all
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the plot-based forecasts must be available simultaneously to
develop an appropriate general management plan and budget.
This way, all the necessary inputs and materials for crop
management can be anticipated and acquired.

It is worth noting that only 10 months of the telecon-
nections are considered when making production forecasts
because relevant institutions’ teleconnection projections are
only available until July, when forecasts are made in October.

January to
March harvest

Creation of the
forecast

forecast ~ § §
S
2021
N D J E M A M J J A S o N D ] F M

%}%(«

Crop development period 2022 Harvest 2023

prior to the start of the crop. start of the crop cycle. five months before the harvest

prior to the start of the crop. start of the crop cycle. six months before the harvest

prior to the start of the crop. start of the crop cycle. seven months before the harvest

months used for the forecast

FIGURE 3. Months of the year considered in teleconnection-based
forecasting, showing the lag period relative to the harvest month.

Several preprocessing data operations were applied to
DATA_WORK in order to clean the dataset. First of all, miss-
ing data records were removed. Then, measurements from
plots with anomalous yield values outside the 20-200 TCH
range were eliminated. Finally, records related to plots with
fewer than 9 years of TCH historical data were discarded.
Consequently, 458 plots were used in the dataset, representing
73 % of the total dataset.

Once the DATA_WORK set was cleaned, it was divided
into two subsets. The first one, which included data
from 2013 to 2022, was used to train and validate the models,
excluding 2021. This year was excluded due to significant
deviations in crop management practices compared to
historical trends, as shown in FIGURE 7. The 2021 data were
severely limited by the effects of the pandemic, resulting in
a 45 % reduction in fertilization and a 60 % reduction in
weed control. The second subset contained parcel data from
2023 and was used to Test the models.

It is important to note that the observations within each
subset were grouped according to their parcel of origin, as a
specific model was developed for each plot of land. The
methodological approach is outlined in FIGURE 4.

This work evaluated three distinct models for each plot:
Random Forest (RF), Extreme Gradient Boosting (xgbTree),
and Support Vector Machine with Radial Kernel (svmRadial).
To predict the TCH for each plot, all available teleconnection
variables were used as independent variables.

A hyperparameter optimization process was carried out for
each plot-based model using a grid search technique and a
9-fold cross-validation approach. The evaluated hyperparam-
eters are shown in TABLE 1.

The best model with optimal hyperparameter tuning was
selected for each plot. This approach allowed us to analyze
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DATA_TELECOX

Train and
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models per plot

DATA_YIELD An efficient
model per plot

FIGURE 4. Process flow: Data integration and subset generation (green);
preprocessing data (blue); model training, validation, and testing, with
best model selection by plot (red).

Preprocessing

DATA_WORK

RMSE and R
to measure and
compare
forecasting
performance

how frequently each hyperparameter was selected for each
plot-based model.

During this work, a SHapley Additive exPlanation (SHAP)
analysis [27] was conducted to classify the importance of
the independent variables for each plot. The analysis used
the variation of the SHAP value relative to the variable
with the highest value as a criterion. Then, the plot-based
models, trained with specifically selected hyperparameter
configurations, were evaluated using the Test data.

Finally, the selected plot-based models were compared
with two baselines established using the current widely
accepted approaches: 1) estimation based on farm manager
experience, and 2) estimation based on accumulated rain-
fall [28].

TABLE 1. Hyperparameters evaluated via grid search as well as the
frequency of the selected hyperparameter value (rounded frequency in
parentheses). The following hyperparameters were kept for all training
processes according to the model: RF_ntree=500, xgbTree_nrounds=100,
xgbTree_colsample_bytree=1, xgbTree_lambda=1, xgbTree_alpha=0,
xgbTree_scale_pos_weight=1 and svmRadial_scale=True.

Model Evaluated hyperparame- | Hyperparameter
ters frequency selection per
plot
mtry: 1, 4, 6, 8, 10 1 (40 %), 4 (60 %)
RF max_depth: 10, 20, 30 10 (100 %)
min_samples_leaf: 1, 5, 10 1 (100 %)
eta: 0.1,0.2,0.3 0.2 (20 %), 0.3 (80 %)
max_depth: 2,4, 6, 8 6 (90 %), 8 (10 %)
xgbTree min_child_weight: 0.5, 1, 2 1 (70 %), 2 (30 %)
gamma: 0, 1, 2 0 (10 %), 1 (90 %)
subsample: 0.5, 1 1 (100 %)
cost: 0.01,0.1, 1, 10 1 (100 %)
svmRadial | gamma: 0.01, 0.1, 1, 10 0.1 (70 %), 1 (30 %)
epsilon: 0.1, 0.5, 1 0.1 (100 %)

A. HARVEST IMPROVEMENT SCENARIO

The purpose of developing a forecasting system is to create
a reference tool to optimize agricultural management. Thus,
the developed system was used in October 2022 to forecast
production for 2024.

In this realistic scenario, it should be noted that the
predictions were obtained using teleconnection projections,
since the system was executed 15-17 months prior to harvest.

Based on these forecasts, several changes were imple-
mented to optimize the harvest. The impact of these changes
implemented in the management plan and budget was
evaluated on the unit cost indicators of production for the
2024 harvest.

VOLUME 13, 2025

V. RESULTS AND DISCUSSION

The models were evaluated using criteria that minimize
the Root Mean Square Error (RMSE) and maximize the
coefficient of determination (R2). TABLE 2 shows the results
obtained using the cross-validation approach, taking into
account the best-optimized model for each plot. TABLE 1
shows the frequency with which hyperparameters were
selected for each plot. The harvest forecast results indicated
a weighted average (by the area of each plot) of 76.32 TCH
considering all plots, with a difference of only 0.25 TCH from
the actual value.

The RMSE and R? averages were 1.19 and 0.9959,
respectively. These values indicate that the model effectively
captures the variability of historical data and reveals a global
fit of the model system to the validation data. Teleconnections
explain the variability of production, which results from the
applied climatic conditions and agronomic management.

Therefore, the forecast allows for anticipating a possible
production scenario under a management approach similar to
that of the analyzed years, in future environmental conditions
that can be projected comparably.

TABLE 2. Forecasting averaged metrics derived from cross-validation and
testing phases.

TCH
Data Set Real  Forecast RMSE R2
Cross-validation (2013-22)  76.57 76.32 1.19 0.9959
Test (2023) 78.59 79.00 6.95 0.8018

Once the optimized models were selected through the
cross-validation process, they were evaluated using the Test
set corresponding to the 2023 harvest. Although a reduction
in forecast efficiency was anticipated, the difference between
the actual and predicted TCH averages was only 0.41. The
actual average harvested value of TCH for this period was
78.59, while the forecast was 79.00. These results yielded an
RMSE of 6.95 and an R? of 0.8018, as shown in TABLE 2.

A notable factor influencing the Test forecasting accuracy
was the introduction of a novel crop variety during the
2023 harvest. This event led to significant production
increases and, consequently, reduced prediction precision
in certain plots. Despite this challenge, the plot-based
models demonstrated robust generalization capabilities when
presented with previously unseen data in the Test set.

Table 3 shows how often each of the three evaluated
models was chosen using the plot-based selection method.
The xgbTree model was selected most frequently, with a
95 % selection rate, which indicates its superior predictive
performance for plot yields.

In contrast, the symRadial model was selected only 4 %
of the time, and the RF model was selected in 1 % of cases.
This variability underscores the importance of plot-specific
model selection for accurate point forecasting. It suggests that
a single, universally applied model may not achieve optimal
predictions across all plots. Additionally, even when the
selected model was the same, each plot obtained a different
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TABLE 3. Plot-based model selection frequency using the proposed
methodology.

Model Frequency
RF 1%
svmRadial 4 %
xgbTree 95 %

FIGURE 5. Most relevant feature for each selected plot-based xgbTree
model.

version of it due to the training process and hyperparameter
optimization procedure.

The xgbTree model was selected in 435 plots out of a
total of 458. The models linked to these plots were used
to quantify how frequently the variables were classified as
relevant, based on the SHAP value. A variable was considered
important if its value varied by less than 50 % compared to the
most important variable for each plot, accounting for the total
number of plots where that variable was deemed relevant. The
variables that appeared most frequently, in hierarchical order,
were: NINO 3 (100 %), NINO 3.4 (100 %), NINO 1+2 (98
%), CPAC (87 %), NINO 4 (83 %), PACWARMPOOL (77
%), AMO (74 %), AAO (31 %), NAO (21 %), AO (17 %),
and OLR (3 %).

FIGURE 5 shows the geographical distribution of the most
relevant features for which the xgbTree model was selected.
This distribution groups those teleconnections that most
effectively explain the variation in production associated with
climatic potential.

Spatial clustering sectors are observed that may provide
a better understanding of the interaction between the envi-
ronment and the crop, as well as characteristics such as soil
type in relation to different teleconnections. These grouping
sectors may be attributed to more homogeneous areas, which
cause the crops to respond similarly to specific climatic
conditions and to certain more specific teleconnections.
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FIGURE 6. Scatter chart of the observed and predicted TCH by plot
between 15 and 17 months before harvest, utilizing the Test set from the
2023 harvest season.

The Test results for each plot are illustrated in FIGURE 6.
This figure demonstrates that the real yields of TCH varied
between 48 and 162, with a forecast absolute error ranging
from O to 12 TCH. The analysis of the 2023 data reveals a
robust performance of the model in estimating future yields,
taking into account the crop’s potential with technological
management practices similar to those employed in historical
series.

The results of the optimized plot-based models were
compared with two baselines using the 2023 harvest dataset,
as shown in FIGURE 7. The first baseline is a comparison
with the farm manager’s estimation, which was conducted by
plot and averaged to give a total of §2.4 TCH. By contrast, our
approach predicted an average of 79.0 TCH, which closely
aligns with the actual observed average value of 78.59 TCH.
Specifically, the RMSE of the farm manager’s estimation
(11.16 TCH) was approximately 60.6 % higher than that of
the presented approach (6.95 TCH). This indicates greater
efficiency than the estimation made by the farm manager.
Moreover, it should be noted that the farm manager’s
estimation was made only six months before the harvest.
In contrast, our forecasting models were developed to predict
15-17 months before the harvest.

The second baseline relates the amount of accumulated
rainfall during the elongation stage to the total yield.
It should be noted that the crop requires approximately
1,100 mm of rainfall during this phase, and excessive or
insufficient rainfall reduces production. Using this rainfall-
based approach, the estimation was 79.5 TCH. While this is
better than the one made by the farm manager, it is still worse
than that generated by the presented forecasting system.
However, it should be highlighted that this rainfall-based
method was based on actual rainfall measurements. Any
forecast generated using rainfall estimations will have a
higher margin of error. Furthermore, the rainfall-based
estimation is global, which prevents its use for plot-specific
planning.

A. HARVEST IMPROVEMENT RESULTS
In 2022, the developed prediction system was used to
forecast the 2024 harvest. This was achieved by using
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FIGURE 7. Comparison of the proposed forecasting system against two
baselines: 1) the farm manager’s estimation and (2) a model based on
the correlation between accumulated rainfall during the elongation stage
and total yield.

teleconnection projections, with the aim of optimizing
agronomic management and maximizing harvest yields.

It should be noted that the long-term expectation in
2022 was that the 2024 harvest crop would develop under
WARM ENSO conditions, as published by International
Research Institute for Climate and Society (IRI). The SST
anomaly index values exceeded 0.5 from March and reached
2.0 in December 2023. The total precipitation forecast was
1,421 mm, whereas the actual recorded precipitation was
1,315 mm. Between January and October 2023, an increase in
the average temperature of +0.35°C was observed, alongside
a4.5 % increase in total energy (W/m?) and a 54 % reduction
in precipitation compared to the previous year.

In these conditions, a long-term production forecast was
made in October 2022 for the growing season beginning
in January 2023 and concluding with the harvest between
January and March 2024. This forecast estimated a yield of
78.9 TCH, as illustrated in FIGURE 8.

920
O 2024 real

o5 ® 2022 201_3
© 2018
® 2014
80
E .., @ 2017 O 2024 forecast
27 ® 2023 ® 2015 .
2 2019 ® 2020 ® 2016
g7
s
=65
© 2021
60
55
15 1 05 0 05 1 15

Average of ENSO index from February to October of the year prior to harvest.

FIGURE 8. The average production in TCH from 2013 to 2023 is shown
alongside the average ENSO index during the elongation period.
Agronomic management was not carried out in 2021 due to the pandemic.
The forecast for 2024 is shown alongside the actual TCH, taking into
account changes to the management plan based on system predictions.

A budget and production $/TC were developed based on
a TCH forecast of 78.9 under conventional management in
2024. Linked costs indicate an expected increase of 17 %
above the target unit cost, which should be 5 % lower than
in 2023. In light of this scenario, a specific management
plan was designed for each plot that took into account the
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water balance and irrigation needs. On average, an additional
1.5 irrigations were estimated compared to the previous year,
but an extra 2 irrigations were actually implemented. The
objective of this plan was to manage the crop in order
to maximize the forecasted energy increase and exceed
historical production levels under similar climatic conditions.

Before implementation, the risk of failing to achieve the
production and profitability objectives was assessed, taking
into account the probable variation in $/TC. Two possible
scenarios were proposed: 1) maintaining the budgeted $/ha
and not increasing irrigation efforts, which would result in
a production of 78.9 TCH, but with a $/TC cost 12 %
higher than the previous year and 17 % above the target;
or 2) increasing the cost relative to the budgeted $/ha by
modifying crop management, thereby achieving an increase
in projected production according to the forecast, with a $/TC
close to the required target.

Consequently, in 2024, compared to the previous year, the
$/TC index decreased by 12.8 %, which was 7.8 % lower than
the target, and the $/TA index decreased by 9.7 %, relating
to the production costs of standing sugarcane (excluding
harvesting and manufacturing costs).

VI. CONCLUSION AND FUTURE WORK

Implementing a long-term yield forecasting system based on
ML to estimation TCH by plot has proven to be efficient
in predicting sugarcane yields. The developed system uses
11 climatic teleconnections with a seasonality of 15 to
17 months before harvest.

Forecasting results for the 2023 harvest, trained and
validated using data from 2013 to 2022, indicated a real
TCH of 78.59 and a predicted value of 79.00, with an
RMSE of 6.95, demonstrating the system’s accuracy by
plot. The modeling framework has successfully integrated
environmental variations, reflecting the crop’s potential under
similar management conditions. This is crucial for long-term
planning and resource management.

Forecasting a yield of 78.9 TCH for the 2024 harvest,
influenced by warm ENSO climatic conditions, highlights
the importance of considering climatic factors in agricultural
planning.

Having a prior production scenario enabled the develop-
ment of a differentiated management plan and budget for the
2024 harvest, resulting in altered final productivity compared
to the initial forecast. Despite the budget being increased
to accommodate the modified plan, a 12.8 % reduction
in the $/TC index was achieved compared to the previous
year, demonstrating the effectiveness of differentiated man-
agement strategies. This suggests that anticipating possible
scenarios and adapting management practices is fundamental
to achieving cost efficiency and maximizing yield.

The presented methodology is generalizable, allowing it
to be applied to other sugar mills in any region. To do
so, the linked models must be trained using the historical
yield data of the mill in question at the plot level. This
enables predictions tailored to the productive potential
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of the environmental context and management practices.
Consequently, the forecasting system could serve as part of
a long-term planning tool of the mill.

Future research could involve evaluating additional ML
algorithms and ensemble techniques to improve prediction
accuracy. Furthermore, it would be beneficial to incorporate
variables such as variety type and to consider technological
or varietal changes among the variables. It is also crucial
to integrate direct climatic data and cultivation management
practices to strengthen forecasts in various agricultural
management scenarios.
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