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Abstract.  
Nitrogen plays a central role in sugarcane physiology, as it is a structural component of amino 
acids, proteins, nucleic acids, and chlorophyll, being essential for photosynthetic activity, leaf 
expansion, biomass accumulation, and stalk formation. Given its relevance, nitrogen 
management efficiency represents a central research topic in sugarcane, particularly in systems 
characterized by strong spatial heterogeneity, where soil physical–hydric attributes, fertility levels, 
and environmental limitations modulate crop response. In this study, five nitrogen fertilization 
strategies (S1–S5) were evaluated through process-based modeling using APSIM-Sugarcane, 
applied to Management Zones (MZs) previously delineated within four commercial sugarcane 
fields. The MZs were adopted as simulation units to incorporate the spatial heterogeneity of soil 
physical–hydric, topographic, and productivity attributes into the recommendation process. The 
strategies were structured to represent different conceptual premises. Strategy S1 assumed lower 
N supply in high-yield environments, whereas S2 followed the opposite principle, increasing rates 
according to simulated productivity. Strategies S3, S4, and S5 were based on linear extraction 
models, assuming that N demand increases proportionally with biomass accumulation, using 
coefficients of 1.0, 1.2, and 1.4 kg N Mg⁻¹, respectively. Strategy performance was evaluated over 
five consecutive cropping cycles using integrated agronomic, physiological, economic, and 
energy indicators. The strategies differed substantially in N input, with averages of 75–79 kg N 
ha⁻¹ in S1 and S3, 102–127 kg N ha⁻¹ in S4 and S5, and 250 kg N ha⁻¹ in S2. Physiological 
indicators revealed greater N stress under S1 and S3, whereas S2, S4, and S5 reduced this 
limitation. Water stress was more intense in S2, associated with greater leaf expansion and water 
requirement. Yield was consistently lower in restrictive MZs, reflecting edaphic limitations, 
particularly related to soil physical–hydric constraints. On average, S2 achieved the highest yield, 
with a 21.8% increase compared with S1, while S4 and S5 surpassed S1 by 6.3% and 13.9%, 
respectively. In addition, strategies with higher N supply promoted greater residue return and 
favored humic C. The economic–energy assessment highlighted contrasts among productivity, 
fertilization cost, and energy-use efficiency. Strategy S2 achieved the highest production and 
revenue but was associated with the highest costs and embodied energy. Conversely, S5 
presented substantially lower costs, resulting in a partial economic return close to that of S2 and 
greater attractiveness from a cash-flow perspective. Integrated analysis indicated higher relative 
responsiveness to N in more restrictive environments, supporting the conceptual premise of S1, 
although the coefficients adopted were insufficient to meet physiological demand. Under the 
simulated conditions, the linear strategies S4 and S5 showed the best balance among application 
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rate, physiological stability, agronomic performance, and economic–energy viability. Overall, 
process-based modeling within MZs proved useful for comparing nitrogen fertilization strategies, 
identifying plausible N rate ranges, and supporting the preliminary design of on-farm experiments. 

Keywords.   
Site-specific management, agronomic optimization, agronomic modeling 

1. Introduction 
Sugarcane is an important industrial crop, recognized for its high yield potential, broad 
adaptability, and strategic importance across multiple agro-industrial value chains. Used to 
produce sugar, ethanol, bioelectricity, and several industrial co-products, sugarcane plays a 
central role in both energy security and the economic sustainability of many tropical regions (de 
Matos et al. 2020). Brazil is the world’s leading producer, accounting for approximately 40% of 
global production. In 2024, national production reached 759.6 million megagrams over 10.05 
million hectares of harvested area, with the state of São Paulo standing out as the main producing 
region (IBGE 2025). Despite this expressive production volume, the national average yield, 
estimated at 73.8 Mg ha⁻¹, still indicates a substantial gap relative to the crop’s yield potential 
(FAO 2025). 
Among the factors controlling sugarcane performance, nitrogen (N) stands out as one of the most 
demanded nutrients by the crop and is frequently one of the main yield-limiting factors, particularly 
in highly weathered tropical soils (Vitti et al. 2015). In plant metabolism, N is involved in the 
composition of amino acids, proteins, nucleic acids, and chlorophyll, being essential for 
photosynthetic activity, vegetative growth, sprouting, and stalk formation (Zeng et al. 2020). 
Nitrogen deficiency, especially during early growth stages, reduces leaf expansion, limits the 
interception of photosynthetically active radiation, and constrains biomass accumulation, with 
negative effects on yield and the technological quality of stalks (Franco et al. 2011; Zeng et al. 
2020). Despite its importance, fertilizer management in sugarcane has traditionally relied on 
uniform nutrient application rates, disregarding the spatial variability inherent to commercial fields. 
In heterogeneous environments, this approach tends to result in under-application in areas with 
higher yield potential and over-application in zones with lower crop response (Nawar et al. 2017), 
compromising fertilizer agronomic efficiency, economic returns, and the environmental 
sustainability of the production system (Colaço et al. 2024; de Lara et al. 2023; Sanches et al. 
2021). 
In this context, Precision Agriculture (PA) provides tools to adjust input management to the spatial 
variability of cropping systems, improving the match between nutrient supply and crop demand 
(Mulla 2013). Among these strategies, the delineation of management zones (MZs) stands out. 
MZs are subareas with relative homogeneity in soil, topographic, and yield-related attributes, 
which support the interpretation and simplification of spatial variability (Molin et al. 2015). 
Therefore, in addition to optimizing sampling procedures and fertilizer recommendations (Nawar 
et al. 2017), MZs provide a more stable basis for model application by reducing spatial noise and 
computational complexity (Leo et al. 2023). 
The evaluation of different fertilization strategies is essential for understanding crop responses to 
management practices (Sanches et al. 2021). In this regard, process-based modeling is a 
promising approach, as it simulates crop development, N dynamics within the soil–plant–
atmosphere system, and management effects under contrasting soil and climate conditions 
(Carberry et al. 2009). In addition to anticipating crop responses and supporting the interpretation 
of relationships among variables, modeling can also contribute to the planning and targeting of 
field-based experimentation (Lawes et al. 2019). Among the available models, APSIM-Sugarcane 
stands out for integrating plant morphophysiological processes with soil water and nutrient 
dynamics, enabling the assessment of sugarcane performance under different environmental 
conditions and management strategies (Dias et al. 2021; Keating et al. 1999). 
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The integration of MZs and agronomic modeling may constitute a promising approach to 
comprehensively investigate the effects of contrasting N fertilization strategies, considering not 
only agronomic aspects but also the economic and energy impacts associated with sugarcane 
production (Leo et al. 2023). Conventional strategies are based on the assumption of a direct 
relationship between expected yield and N requirement, resulting in increasing N rates as yield 
potential increases (Stanford 1973). In contrast, alternative approaches propose reducing N rates 
in areas with higher intrinsic productivity, based on the hypothesis that more fertile soils can 
substantially contribute to the natural supply of nitrogen (Sanches and Otto 2022). Thus, the 
comparative simulation of these strategies can provide support for improving N management and 
for planning more targeted on-farm experimentation. Therefore, this study aimed to conduct an 
exploratory assessment, using process-based modeling, of the impact of contrasting N fertilization 
strategies applied to MZs in sugarcane, integrating agronomic, economic, and energy indicators. 

2. Materials and methods 

2.1. Study areas, input data, and management zone delineation 
The study was conducted in four commercial sugarcane fields located in the state of São Paulo, 
Brazil, with areas ranging from 86 to 342 ha (Figure 1). The region has an Aw climate, classified 
as tropical with a dry winter according to the Köppen classification, with a rainy season from 
November to April and a dry season from May to September (Alvares et al. 2013). Mean annual 
precipitation ranges from 1,258 to 1,345 mm, and mean annual temperature ranges from 21.6 to 
22.3 °C. The predominant soils are Oxisols and Ultisols, with medium to sandy texture. 

 
Fig. 1 Location of the experimental sugarcane fields included in the study. 

The database integrated information on soil chemical properties, production environment, yield, 
topography, climate, and soil physical-hydric attributes used to represent the simulation 
conditions. Soil sampling was performed using an irregular grid, with a density of one sampling 
point every 3 ha. Composite samples were collected from the 0–0.25 m and 0.25–0.50 m layers 
and subsequently analyzed for the main chemical attributes, including soil organic matter, pH, P, 
K, Ca, Mg, Al, cation exchange capacity, base saturation, and S. Yield data were obtained from 
harvesters equipped with yield monitors, considering the 2021/22 to 2024/25 growing seasons. 
Raw data were filtered using MapFilter 2.0 (Maldaner et al. 2022), adopting a 40% variation 
threshold relative to the median and a 10% local filtering criterion, with a spatial-dependence 
distance of 20 m. 
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Daily weather series were obtained from the NASA POWER platform (Stackhouse Jr et al. 2015), 
whereas elevation data were derived from the ALOS PALSAR digital elevation model (Shimada 
and Osawa 2012). Because complete soil physical-hydric characterization was not available for 
the study areas, the soil profiles used in APSIM were defined based on the HYBRAS database 
(Ottoni et al. 2018), considering available observations for equivalent soil classes in the state of 
São Paulo. For each soil class, mean values of texture, bulk density, field capacity, permanent 
wilting point, and saturation were estimated. However, when different MZs had the same soil class 
but belonged to contrasting production environments, a 5% reduction in water availability was 
applied to the more restrictive environments. This adjustment was exploratory in nature and aimed 
to increase the edaphic differentiation among the simulated units. 
Management zones were delineated by integrating yield data from two growing seasons with 
topographic and soil organic matter layers. All input layers were standardized to a 10 m spatial 
resolution and clipped to the boundary of each field before multivariate clustering. Initially, yield 
maps were assessed for temporal stability by classifying pixels into yield terciles and estimating 
their spatial consistency across growing seasons. Yield data and auxiliary variables were then 
organized into a standardized matrix, from which the spatial association between crop response 
and each environmental variable was assessed using bivariate Moran’s (Wartenberg 1985). The 
number of clusters was defined based on successive k-means partitioning, considering the Fuzzy 
Performance Index and the Normalized Classification Entropy (Miranda et al. 2021). After 
classification, the clusters were converted into vector polygons. The MZs were subsequently 
adopted as spatial simulation units, allowing the evaluation of N fertilization strategies to 
incorporate the different soil physical-hydric, topographic, chemical, and yield-related conditions 
present within the fields. 

2.2. Simulation of nitrogen fertilization 
Simulations were performed using the mechanistic APSIM model, Agricultural Production 
Systems Simulator, with the Sugarcane module (Keating et al. 1999). Soil water dynamics were 
simulated using the SoilWat module, whereas carbon and nitrogen transformation processes 
were represented by the SoilN and SurfaceOrganicMatter modules, including mineralization, 
immobilization, residue decomposition, and interactions with crop growth. The simulations 
integrated daily weather series, chemical, organic, and physical-hydric soil attributes by MZ, as 
well as management information. For the chemical and organic attributes required by the model, 
a vertical gradient based on exponential decay was adopted for subsurface layers, representing 
the natural decrease in fertility and organic matter with soil depth (Sisti et al. 2004). Soil organic 
matter contents were converted into organic carbon using the Van Bemmelen factor, assuming 
58% carbon in organic matter (Nelson and Sommers 1996). 
The simulated cultivar was RB867515, with genetic coefficients and physiological parameters 
defined according to Dias (2020). The cropping system was represented with 1.5 m row spacing, 
a density of 15 stalks m⁻², and no irrigation. The planting date was fixed at March 15, with a 510-
day plant cane cycle followed by four ratoon cycles of 380 days each. Although the available soil 
data and yield history corresponded to the recent period, from 2021 onward, these data were 
used to initialize the simulations in 2019, allowing the representation of five complete production 
cycles using observed weather series. 
Five N prescription strategies were evaluated, in which N rates were defined based on the 
simulated yield of the previous cycle (Table 1). Strategy S1 was based on the approach described 
by Sanches and Otto (2022), adopting an inverse relationship between yield and N requirement. 
This approach assumes that environments with higher yield potential may have a greater soil 
contribution to the natural supply of N, thereby reducing the relative dependence on mineral 
fertilizer (Thorburn et al. 2017). Strategy S2 was defined as the inverse form of S1, maintaining 
the same upper and lower limits of specific N requirement, but increasing the relative N input as 
yield increased. This formulation was adopted to represent the conventional premise of 
progressive recommendation, according to which more productive environments require greater 
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N supply (Stanford 1973). Additionally, three strategies based on linear N extraction coefficients, 
frequently used as references in the Brazilian context, were evaluated (Amaral et al. 2015). In 
these strategies, N demand was proportional to simulated yield, considering factors of 1.0, 1.2, 
and 1.4 kg N Mg⁻¹ of stalks for S3, S4, and S5, respectively. 

Table 1. Equations of the nitrogen fertilization factor (FN, kg N Mg⁻¹) as a function of crop yield (Y, Mg ha⁻¹) for the five 
fertilization strategies evaluated. 

Strategies Equations 
S1 FN = 2.8889 - 0.032 × Y + 0.0001 × Y2 
S2 FN = 0.3289 + 0.032 × Y - 0.0001 × Y2 
S3 FN = 1.0 
S4 FN = 1.2 
S5 FN = 1.4 

2.3. Agronomic, economic, and energy-related aspects 
Model outputs were organized into agronomic, economic, and energy indicators. Agronomic 
performance was characterized by yield, expressed in Mg ha⁻¹, and total sugar content. To 
interpret the mechanisms underlying yield responses, stress factors associated with N deficiency 
and water deficit were analyzed, considering their effects on photosynthesis and leaf expansion. 
Soil carbon dynamics were assessed based on the fluxes simulated by the SoilN and 
SurfaceOrganicMatter modules. 
Energy performance was evaluated through embodied energy, expressed as MJ kg⁻¹, calculated 
as the ratio between total energy input and yield. The energy associated with N fertilization was 
estimated by considering the rates applied per hectare in each year, multiplied by the respective 
energy coefficient described in Table 2. Energy consumption associated with fuel use was 
determined from the product of hourly fuel consumption, effective field capacity, and the energy 
index. Machinery depreciation was calculated as a function of equipment service life and mass. 
Energy consumption associated with labor was estimated considering only the working time 
required. 

Table 2. Energy indices for the inputs used in the production system. 
Energy input Unit Energy index (MJ unit−1) Reference 
Nitrogen (N) kg 74 Pellizzi (1992) 

Labor h 2.2 Ferraro Jr (1999) 
Fuel L 45.7 Boustead and Hancock (1979) 

Machine depreciation kg 32.5 Mantoam et al. (2016) 

Gross revenue was estimated as the product of simulated yield and the sugarcane price per Mg 
observed in the respective harvest month. Partial economic return was calculated as the 
difference between gross revenue and the total fertilization cost. All monetary values used in the 
economic analysis were adjusted for inflation using the IGP-M index (IPEA 2025) and expressed 
as present values as of October 2025. The price of N fertilizer was obtained from the annual 
average reported by CONAB (2025). After inflation adjustment, values in Brazilian reais were 
converted to US dollars using an exchange rate of BRL 5.32 per USD 1.00, corresponding to 
October 1, 2025. 
Total fertilization cost was estimated by combining N fertilizer expenditure and application costs, 
including labor, machinery operation, fuel consumption, maintenance and repairs, and fixed 
machinery costs (Equations 1–6). Fixed costs included depreciation, interest, insurance, and 
other ownership-related charges. Machinery purchase values were US$ 131,578.00 for the tractor 
and US$ 11,278.00 for the fertilizer applicator, according to supplier data. Useful life was set at 
12,000 h for the tractor and 2,400 h for the fertilizer applicator. The residual value was assumed 
to be 30% of the initial purchase value. Maintenance and repair costs were estimated as 95% of 
the average machinery value over its useful life (ASABE 2011), whereas insurance and taxes 
were assumed to correspond to 1.0% of the annual average machinery value. 
[1]  TFC = FC + AC 

[2]  AC = 	 (LC +	∑ MOC" ) × 	α	 

[3]  MOC" = (FCC" +MR" + FHC")  

[4]  FCC" = 	TP × S × DP 
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[5]  MR" =
#$%	×()

*
 

[6]  FHC =
+()	×,-("#	%&)( ./	-(")%&)* ×0./12(34

*
 

Where: TFC represents the total fertilization cost (US$ ha⁻¹); FC, N fertilizer cost (US$ ha⁻¹); AC, 
fertilizer application cost (US$ ha⁻¹); LC, labor cost (US$ 4.70 h⁻¹, average wage practiced in the 
region); MOC, hourly machinery operating cost (US$ h⁻¹); n, number of implements, such as the 
tractor and the fertilizer spreader; α, operational field-time coefficient (0.39 h ha⁻¹); FCC, fuel 
consumption cost (US$ h⁻¹); MR, maintenance and repair cost (US$ h⁻¹) (ASABE 2011); FHC, 
fixed hourly cost (US$ h⁻¹) (Milan and Rosa 2015); TP, tractor power (150 cv); S, fuel consumption 
rate (0.121 cv⁻¹ h⁻¹) (ASABE 2011); DP, average diesel price in the year (ANP 2025); IV, initial 
machinery value (US$); RV, residual value, expressed as a decimal fraction of the initial value 
(Milan and Rosa 2015); b, useful life of the asset in years; t, useful life of the asset in hours; i, 
interest rate, fixed at 13.90% per year (IPEA 2025); and FAI, shelter, insurance, and taxes factor, 
expressed as a decimal. 
Statistical comparisons were performed to support the exploratory interpretation of differences 
among the simulated nitrogen fertilization strategies. All data obtained from the simulations were 
checked for the assumptions of normality and homogeneity of variance using the Shapiro–Wilk 
and Levene tests, respectively. Once these assumptions were met, analysis of variance (ANOVA) 
was performed at a 5% significance level. When significant effects were detected, means were 
compared using Tukey’s test (p < 0.05). All statistical analyses were conducted in RStudio. 

3. Results and discussion 

3.1. Agronomic and physiological assessment 
The nitrogen prescription strategies generated a gradient in N supply, with direct consequences 
for the simulated stress indicators (Figure 2). S2 showed mean N rates close to 250 kg N ha⁻¹ 
and a wide range of variation (103–389 kg N ha⁻¹), whereas S1 and S3 had the lowest N inputs, 
approximately 75 and 79 kg ha⁻¹, respectively, which are below the ranges commonly adopted in 
Brazilian commercial systems (Quaggio et al. 2022). S4 and S5 occupied an intermediate 
position, with mean N rates of approximately 102 and 127 kg ha⁻¹, respectively. This gradient 
directly affected the N stress indicators, as the strategies with higher N supply, particularly S2, 
reduced N limitation on photosynthesis and leaf expansion (Bassi et al. 2018). This response is 
consistent with the role of N in chlorophyll formation and in the synthesis of proteins and enzymes 
associated with carbon metabolism and vegetative growth in sugarcane (Zeng et al. 2020). In 
contrast, S1 and S3 maintained greater physiological restriction, suggesting that the coefficients 
used in these recommendation strategies underestimated crop N demand under the simulated 
conditions. 

 
Fig. 2 Applied nitrogen rate (A) and stress indicators (B). Strategies followed by different letters differ statistically by 

Tukey’s test at the 5% significance level. 



Proceedings of the 17th International Conference on Precision Agriculture and 11th Brazilian Congress on 
Precision and Digital Agriculture: 13-16 July, 2026, Porto Alegre, Brazil 
  

7 

However, the lower N limitation observed in S2 did not result in a better physiological balance of 
the crop. Considering that values close to 1 indicate lower restriction, S2 showed low N limitation 
for photosynthesis (0.954) and leaf expansion (0.948), but simultaneously recorded the lowest 
water stress factors for these processes (0.613 and 0.683, respectively), indicating greater water 
limitation. This pattern suggests that the higher N supply stimulated canopy development and 
increased transpiration demand (Dinh et al. 2017; Sun et al. 2025), shifting part of the yield 
limitation from nutrition to soil water availability. In turn, S4 and S5 occupied an intermediate 
position, reducing N limitation without proportionally intensifying water stress, reinforcing that 
sugarcane response to N is mediated by the interaction between nutrition and soil water 
availability (Wiedenfeld 2000). 
This physiological balance was reflected in crop development (Figure 3). S2 showed the highest 
mean yield (89 Mg ha⁻¹), differing from S1, S3, and S4, confirming that reduced N limitation 
favored crop development (Gopalasundaram et al. 2012; Zeng et al. 2020). However, the yield 
gain was not proportional to the increase in N input, as S5 reached 83 Mg ha⁻¹, a value statistically 
similar to that of S2, even with less intensive fertilization. This result indicates a reduction in the 
efficiency of the applied N rate, since, as N limitation decreased, other factors, particularly soil 
water availability, became more restrictive to yield response (Boschiero et al. 2020; van Ittersum 
and Rabbinge 1997). The lower yields observed in S1 and S3, approximately 73 and 70 Mg ha⁻¹, 
respectively, reinforce that conservative strategies may constrain growth when N supply does not 
match the physiological demand of the crop, especially under conditions in which soil 
mineralization is insufficient to sustain low fertilizer inputs (Cui et al. 2008; Franco et al. 2011). 

 
Fig. 3 Sugarcane yield (A), stalk sugar content (B), and sugar yield per hectare (C). Strategies followed by different letters 

differ statistically by Tukey’s test at the 5% significance level. 

The sugar content showed an inverse trend relative to yield (Figure 3). Although S2 achieved the 
highest yield, it recorded the lowest mean sugar content (19.4%), approximately 2.1 percentage 
points below S1 (21.5%). This pattern is consistent with the sucrose dilution effect associated with 
excessive vegetative growth and greater photoassimilate allocation to canopy expansion (Franco 
et al. 2011; Yang et al. 2013). In S1, the higher percentage sugar content did not translate into 
greater production per area, as the lower stalk yield limited total sugar accumulation. When sugar 
content was integrated with yield, the differences were partially offset. S2 and S5 showed the 
highest absolute sugar yield per hectare, with 17.26 and 17.20 Mg ha⁻¹, respectively, whereas S3 
had the lowest performance (14.86 Mg ha⁻¹). Thus, the higher yield of S2 compensated for its 
lower sugar concentration, while S5 achieved similar sugar production by combining high yield 
with a lower negative effect on the technological quality of the crop. 

3.2. Simulated soil carbon dynamics 
In the first cycle, humic C stocks showed marked reductions, with no statistical differences among 
strategies, indicating that the initial dynamics were predominantly controlled by crop 
establishment rather than by N management (Meier and Thorburn 2016; Verburg et al. 2025). In 
the subsequent cycles, a gradual recovery of humic C was observed, with greater accumulation 
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under the most productive strategies, particularly S2, followed by S5 and S4 (Figure 4). This 
pattern suggests that greater crop growth increased the return of plant residues to the soil, 
favoring C replenishment in more stable fractions (Sattolo et al. 2017). In contrast, S1 and S3 
showed smaller increments, consistent with the yield restriction caused by lower N supply. 
However, S1 did not indicate progressive depletion of humic C. Therefore, although this strategy 
resulted in lower C accumulation compared with the more productive strategies, there was no 
evidence, over the five simulated cycles, of continuous impairment of the simulated humic 
compartment. 

 
Fig. 4 Soil carbon dynamics relative to the simulated initial condition. Strategies followed by different letters differ 

statistically by Tukey’s test at the 5% significance level. 

3.3. Economic and energy assessment 
The economic assessment showed that the greater yield performance of S2 resulted in the 
highest gross revenue, close to US$ 2,400 ha⁻¹, which was 28.6% higher than that of S3, the 
strategy with the lowest revenue (Figure 5). This result indicates that the greater N input was 
effective in increasing stalk yield and, consequently, gross return. However, this productive 
advantage was accompanied by the highest fertilization cost, which reached approximately US$ 
381 ha⁻¹, nearly three times higher than that observed for S1 and S3. Thus, when gross revenue 
and fertilization cost were integrated into partial economic return, the superiority of S2 became 
less evident. Across the simulated cycles, S2 and S5 showed the highest absolute values, 
exceeding US$ 2,000 ha⁻¹, whereas S3 recorded the lowest performance, around US$ 1,726 
ha⁻¹. S1 and S4 occupied an intermediate position, with partial returns close to US$ 1,822 and 
US$ 1,903 ha⁻¹, respectively, without statistical difference relative to S2 and S5. 

 
Fig. 5 Economic and energy indicators: (A) gross revenue, (B) fertilization cost, (C) partial economic return, and (D) 

embodied energy. In panel D, hatched bars indicate the contribution of nitrogen to total energy. Strategies followed by 
different letters differ statistically by Tukey’s test at the 5% significance level. 

The energy analysis reinforced the contrast between productive intensification and input-use 
efficiency. S2 showed the highest embodied energy per unit of stalk produced, close to 0.24 MJ 
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kg⁻¹, differing statistically from the other strategies and exceeding by nearly threefold the values 
observed for S1 and S3. Although S2 achieved the highest yield, the gain in production was not 
sufficient to dilute the high energy demand associated with the greater N fertilizer input. Despite 
its higher values, the N-related energy input in S2 was above the value reported by Firouzi et al. 
(2022), 0.17 MJ kg⁻¹, but below that observed by Naseri et al. (2021), 0.27 MJ kg⁻¹, positioning 
this strategy within the range of energy intensification described for sugarcane. Among the 
simulated strategies, S4 and S5 showed intermediate energy intensities, close to 0.11 and 0.12 
MJ kg⁻¹, respectively, maintaining a lower energy penalty. In turn, S1 combined the lowest 
fertilization cost and the lowest energy intensity, however, its partial economic return was 
approximately US$ 200 ha⁻¹ lower than that of S2 and S5, although this difference was not 
statistically significant. 

3.4. Integrated performance indicators 
The integrated assessment showed that no strategy simultaneously maximized productive, 
physiological, economic, and energy-related indicators (Figure 6), indicating that N prescription 
involves trade-offs among yield, cost, physiological stress, and energy intensity (Sanches et al. 
2021). S2 showed the highest agronomic performance, associated with greater yield and lower N 
limitation. However, this response required a higher fertilizer rate, increasing fertilization cost and 
embodied energy. Furthermore, this strategy requires greater fertilizer investment to sustain the 
production cycle, without resulting in a proportional advantage in partial economic return. Under 
real production conditions, this profile may be unfavorable, as it increases working capital 
requirements and exposure to volatility in input and commodity prices. Thus, the results do not 
support recommendations based on excessively high coefficients. From approximately 65.7 Mg 
ha⁻¹ onward, the rate estimated by S2 exceeds 2 kg N Mg⁻¹ of stalks, representing an unfavorable 
threshold under economic and energy criteria (Thorburn et al. 2017). In scenarios where risk 
management, capital optimization, and input-use efficiency are priorities, this strategy becomes 
less competitive. 

 
Fig. 6 Integrated performance of the management strategies across the five evaluated axes: production, quality, stress, 
energy, and financial performance, after indicator normalization. Higher values indicate better relative performance for 

each criterion. 

In contrast, S1 showed greater physiological stress, particularly nutritional stress, reflecting 
insufficient N supply throughout the cycle (Gopalasundaram et al. 2012; Vitti et al. 2015). This 
response resulted in lower yield performance, although partial economic return did not differ 
markedly from the other strategies due to the lower fertilization cost. However, the energy balance 
was favorable, as the energy expenditure per unit produced was reduced, which was a direct 
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consequence of the low input level. S3 showed a similar pattern, with low energy intensity, but 
lower yield, lower sugar production per area, and lower partial economic return. 
Conversely, the coefficients used in S4 and S5 were more suitable for the simulated conditions, 
promoting greater synchrony between N supply and crop metabolic demand throughout the cycle. 
As a result, these strategies showed intermediate performance, with yield and sugar production 
per area close to those of S2, but with more favorable energy performance and similar financial 
competitiveness. Thus, under the evaluated conditions, S4 and S5 represent more balanced 
strategies, reconciling agronomic return with resource-use efficiency (Franco et al. 2011; Sanches 
et al. 2021). 

3.5. Impact of nitrogen fertilization strategies under contrasting environments 
Figure 7 shows the relative response to N in three contrasting management zones, calculated as 
the percentage yield increase relative to the condition without N application. The zones represent 
an edaphic–productive gradient, in which G3–MZ3 corresponds to the least restrictive condition, 
associated with an Ultisol in production environment B; G4–MZ1 represents an intermediate 
condition, characterized by an Oxisol in production environment C; and G4–MZ2 corresponds to 
the most yield-restrictive condition, associated with an Inceptisol in production environment E. In 
the environment with the highest yield potential, G3–MZ3, relative increments were lower and 
more stable across strategies, ranging from approximately 73 to 127%. This pattern suggests a 
greater capacity of this environment to sustain yield even under lower N inputs, possibly due to 
greater natural N availability and soil mineralization contribution, as well as lower leaching 
potential (Sanches and Otto 2022). 

 
Fig. 7 Yield increase relative to the condition without nitrogen fertilization. 

In the more restrictive environments, the relative response was more pronounced. In G4–MZ1, 
yield increments ranged from 139 to 244%, whereas in G4–MZ2 they reached up to 416% under 
S2. Therefore, in areas with lower baseline yield, N omission or reduction increases the gap 
between the natural soil N supply and the physiological demand of the crop (Sanches and Otto 
2022). However, high percentage increments do not necessarily imply higher absolute yield, since 
these environments are also subject to simultaneous limitations related to soil, water, and fertility 
conditions (Dinh et al. 2017; Inman-Bamber 2013). The comparison between G4–MZ1 and G4–
MZ2 reinforces that the response to N also varies within the same field, even under similar climatic 
conditions and general management. This difference indicates that N fertilization efficiency is not 
determined only by regional factors, but also by local edaphic attributes, such as fertility, water 
availability, and nutrient retention capacity (Sanches et al. 2019, 2021). 
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3.6. Future developments and implications for OFE 
The simulation of N fertilization strategies showed potential to support the structuring of on-farm 
experiments, as it allows the anticipation of scenarios, the identification of treatments with greater 
potential to generate agronomic contrasts, and the evaluation of fertilization recommendations 
(Banerjee et al. 2025; Colaço et al. 2024; Verburg et al. 2025). By virtually testing increasing, 
decreasing, and linear N supply curves across different environments, modeling can preliminarily 
discriminate which strategies are more sensitive to soil and climate conditions, which tend to 
converge toward similar performance, and which pose a greater risk of under- or over-fertilization. 
Therefore, process-based modeling does not replace experimental validation, but expands the 
capacity for planning on-farm experimentation (Leo et al. 2023). The continuity of this study 
primarily depends on replacing standard physical-hydric soil profiles with profiles obtained directly 
from the experimental areas. The incorporation of field-observed data will allow a more accurate 
representation of the water balance, improving the estimation of water stress and N and C 
dynamics in the soil. 
As a next step to strengthen the integration between on-farm experimentation and process-based 
modeling, simulations should be extended to longer time series. This approach would allow the 
fitting of local yield response functions and the estimation of agronomic and economic optimum 
N rates for each environment, making it possible to quantify the distance between the rates 
prescribed by each strategy and their respective local optima. In addition, it would enable the 
investigation of whether specific recommendation logics, such as decreasing curves, progressive 
curves, or linear extraction coefficients, are more suitable for particular soil conditions, yield 
potential levels, or water availability contexts. Thus, the combination of these tools can strengthen 
the development of more targeted recommendation systems, guided not only by expected yield 
but also by the local crop response to fertilization (Colaço et al. 2024; Lawes et al. 2019; Tanaka 
et al. 2026). 

4. Conclusions 
The results demonstrated that agronomic modeling was sensitive to differences among N 
fertilization strategies, allowing the identification of distinct responses under productive, 
physiological, economic, and energy-related criteria. Strategy S2 reduced N limitation and 
resulted in the highest yield. However, this gain was accompanied by greater water stress, higher 
fertilization cost, and greater embodied energy, reducing its advantage when economic and 
energy-related criteria were considered. 
Strategies S1 and S3, in turn, showed lower fertilization costs and lower N-related energy use, 
but their low N inputs restricted crop growth, increased N stress, and reduced yield performance. 
In the case of S1, the results do not invalidate the conceptual rationale of reducing N rates in 
environments with higher yield potential. However, they indicate that the coefficients used were 
conservative for the simulated conditions, resulting in insufficient N supply. In contrast, S4 and 
S5 showed more balanced performance, with yield and sugar production close to those of S2, 
lower energy penalty, and similar partial economic return, representing more consistent 
alternatives for reconciling production, input-use efficiency, and financial performance. 
Regarding the limitations and perspectives of the study, the results should be interpreted within 
the scope of an exploratory scenario analysis, rather than as a definitive validation of the 
evaluated strategies. Even so, the study demonstrates the potential of modeling as a preliminary 
step for planning on-farm experiments, allowing the selection of strategies with greater probability 
of generating measurable contrasts, the delimitation of plausible N rate ranges, and the 
formulation of more robust hypotheses for field validation. Thus, the integration of process-based 
modeling, management zones, and on-farm experimentation can support decision-making 
systems that are more sensitive to spatial variability and to the local crop response to fertilization. 
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