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ABSTRACT 
 

This thesis explores multiple modeling approaches to optimize nitrogen (N) fertilization in processing 

tomatoes using multispectral and hyperspectral sensors. Dynamic N fertigation guided by reflectance sensors 

presents a valuable opportunity to improve the N use efficiency in vegetable cropping systems. The simplest 

technique consists of developing threshold curves of the green vegetation index (GVI) monitored during the 

growing season to trigger the N fertigation. Different strategies can be adopted to build GVI threshold curves, 

with potential saving of the N fertilizers up to 38-60% compared to traditional N fertilization. This approach 

helps maintain yield levels, reduce fertilization costs and greenhouse gas emissions, and potentially enhance 

fruit quality. Among the GVI threshold curves, monitoring the GVI in crops under non-limiting N conditions 

in the past growing seasons represents an effective, simple, and fast modeling approach. Aided by open-access 

satellite platforms, operators can access past GVI data and develop site and growing conditions-specific curves 

to support N fertigation. However, further research is needed to understand the seasonal variability before 

upscaling this strategy in commercial farming conditions. Furthermore, different approaches to defining the 

optimal N rate were investigated. A low-computational demanding approach, consisting of the integration of 

the N balance sheet with the VIs threshold curve, was successfully validated in a field trial. On the other hand, 

reflectance data were used to retrieve crop traits, including aboveground biomass (AGB), N uptake, leaf area 

index (LAI), and the Nitrogen Nutrition Index (NNI). In turn, these crop parameters were used to initialize a 

crop model, the critical N uptake curve, to calculate the optimal N rate. Different regression approaches were 

explored to retrieve such parameters. The simplest approach, i.e., linear regression, cannot be considered an 

adequate technique to accurately retrieve the AGB from simple vegetation indices. Nonetheless, agroclimatic 

data, such as growing degree days, were incorporated with the GVI to construct an innovative hybrid 

vegetation index, namely the cumulative integral GVI (cIGVI), which exhibits superior performance in 

estimating the AGB through nonlinear regression. However, in collaboration with the University of Valencia, 

we found that the best estimation performances were obtained with hyperspectral sensors with machine 

learning regression, with R2 ranging from 0.79 to 0.94. Despite the optimal retrieval performances, the 

accuracy of the estimation of the final N rate strongly depends on the workflow adopted to initialize the crop 

model. Utilizing the NNI – as an intermediate of N uptake – in synergy with the AGB yielded the best accuracy 

(R2=0.88, RRMSE=36%). Furthermore, the LAI can be easily retrieved from hyperspectral reflectance, which 

can then be used to estimate the AGB using empirical regressions with excellent results (R2=0.95). The thesis 

encompasses the research findings as well as future priorities for investigation.  
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Chapter 1 

 

NITROGEN FERTILIZERS IN A GROWING WORLD: 

BOOSTING THE PRODUCTIVITY OR THE ENVIRONMENTAL IMPACT? 
 

The global population is rapidly increasing, and it is estimated that it will reach 9.7 billion by 2050 (UN DESA 

2022). The increase in the global population is much more evident in urban settlements than in rural ones, thus 

implying city expansion and, in turn, the competition for land for building versus agricultural purposes (UN 

HABITAT 2022). This is further exacerbated by the ongoing climate change, which is among the main drivers 

of land desertification (D’Odorico et al. 2013) and reduced water availability (Kang et al. 2009). This can end 

up in crop yield reduction, especially in southern Europe and for summer crops (Supit et al. 2012). It is quite 

easy to understand that this scenario threatens future global food security (Lee et al. 2024). In a meta-analysis 

conducted by Van Dijk et al. (2021), it has been projected that the future food demand will increase by 35-

56% by 2050. To meet the future global food requirements, food production needs to increase, but with lower 

availability of natural resources, including land and water. From 1961, the amount of arable land per person 

was halved (from 0.36 ha person-1 to 0.18 ha person-1) by 2021 (World Bank 2024). These challenges require 

actions throughout the whole food system. At the food production level, agricultural production must indeed 

reduce its pressure on the environment, but also the food production capacity should not be limited, and it 

should be even increased to meet future food demand, especially in low-input agricultural systems of 

developing economies (Struik and Kuyper 2017). Because of the scarce availability of arable land, it is 

expected that the increase in food production will be addressed with the sustainable intensification of crop 

productivity per unit of land (Holden 2018; Fischer et al. 2014). Therefore, we are facing different scenarios 

where agricultural input demand is expected to increase in low-input agricultural systems and decrease in high-

input systems without penalizing crop yields. Besides the scenario considered, optimizing the use efficiency 

of agricultural input is mandatory. Fertilizers are among the different drivers of crop productivity, and nitrogen 

(N) stands out as a crucial macronutrient for crop growth and productivity. In 1908 Carl Bosch patented the 

synthesis of ammonia from the atmospheric N for what was awarded the Nobel Prize in 1918. It was only a 

few years later that Fritz Haber scaled this reaction at an industrial level, resulting in the Haber-Bosch process. 

Although this process was initially exploited for weapons production during the World Wars, nowadays it 

represents the main way to produce nitrogen fertilizers, and it is believed to be among the inventions of the 

twentieth century that most influenced the world (Erisman et al. 2008; Ritchie 2021; Pikaar et al. 2017). Thanks 

to the Haber-Bosch process, the resulting N fertilizers were responsible for a drastic increase in agricultural 

productivity starting from the second post-war decade, providing a significant contribution to global food 

security (Erisman et al. 2008). It has been estimated that the number of humans supported by 1 hectare of 

arable land has more than doubled from 1.9 in 1908 to 4.3 in 2008 (Erisman et al. 2008). Also, in 2008, around 

half of the world's population was fed by nitrogen fertilizers, making our society dependent on N inputs. 

Despite this progress, around one billion people remain undernourished (Zhang et al. 2015). Although several 

decades have elapsed since the introduction in the market of N fertilizers (Fig. 1), huge geographical disparities 
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exist worldwide in N fertilizer utilization. The use of N fertilizers in agricultural systems strongly depends on 

the socio-economic context. 

 

Fig. 1 Chilean nitrate advertisements in Spain of the decade 1930 (credit Cerasola V.A.). The advertisement on the right shows two 

farmers who did or did not use “Nitrato de Chile” to fertilize their wheat crop. Until the First World War Chilean nitrate was the most 

adopted natural mineral fertilizer (mined), but later it needed to compete in the market with synthetic fertilizers, which led to increased 

efforts in marketing campaigns. 

In Fig. 2, we can see how the N rate per hectare changes over time in differrent regions. In low-income 

economies, such as most African countries, only a small rate per hectare of N fertilizers is used, around 10-15 

kg ha-1, with a negative impact on food security (Heffer and Prud’homme 2016). In Sub-Saharan Africa, N 

fertilizers are mostly imported, and the poor infrastructure makes them too expensive to be adopted by 

smallholders (Ariga and Jayne 2010). The poor adoption of N fertilizers in Sub-Saharan Africa endangers the 

yield gap with the potential productivity, spreading poverty and food insecurity. Several Sub-Saharan 

governments responded with the promotion of subsidies to mitigate the high price of N fertilizers (Jayne and 

Rashid, 2013). Although subsidies on inputs were assessed as non-economically sustainable, they are often 

considered by governments as a quick tool to increase food productivity within one growing season, thus 

generating a visible payoff before the next elective cycle (Jayne and Rashid, 2013). However, despite the 

positive effect generated by subsidies on N inputs demand in the short term, they could lead to an excessive 

overuse of N fertilizers by farmers above the optimal crop requirements, as occurred in Egypt (Kurdi et al. 

2020), India (Heffer and Prud’homme 2016), and China (Martínez-Dalmau et al. 2021).  

 

Fig. 2 Nitrogen rate per hectare of arable land among different continents along the years (a), and evolution of the N rate for selected 

countries in relation with the normalized pro-capita gross domestic product (GDP, b) using logarithmic (China, India, USA) and third-

order polynomial curves (France). Personal elaboration from FAOSTAT and World Bank database 
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Conversely, in Europe, a sharp increase in the N rate occurred when the N fertilizers were made available in 

the market in 1960, but later the tendency was inverted around 1980-1990, leveling the consumption of N 

fertilizers on approximately constant values (Fig. 2a). The inversion of this tendency is due to the introduction 

of innovation in agronomic techniques, allowing for increased productivity with fewer N inputs, and the 

introduction of regulatory policies such as the Directive Nitrate. We may notice that the use of N fertilizers 

per hectare can be associated with the income level of the country (e.g., the Gross Domestic Product (GDP) 

pro-capita), although the shape of the relationship depends on the country (Fig. 2b). Fig. 2b shows the 

relationship between the normalized GPD pro-capita of some countries and the use of N rates per hectare. For 

some countries the N fertilizers demand continues to grow (e.g., India), while for others (e.g., France) the trend 

will invert: at a certain point of economic growth, the N use reduces as the GDP pro-capita increases (Fig. 2b). 

Indeed, in developing economies, increasing income increases food demand and the intensification of 

agriculture with more N inputs. Conversely, for more industrialized countries, the agronomic research and 

policies address the reduction of N inputs per unit of land aimed at improving the nitrogen use efficiency 

(NUE, the amount of N stored in the biomass in relation to the total N supplied). Indeed, although too low N 

rates can be a threat to food security as it can generate unsatisfactory yields, an excess of N supply (low NUE) 

leads to dangerous drawbacks associated with environmental pollution threatening human and ecosystem 

health. The NUE was proposed as an indicator for assessing the achievement degree of Sustainable 

Development Goals (Zhang et al. 2015). When little or no N rates are supplied, the crop exploits all the N 

present in the soil (mining of soil N), with elevated NUE. Increasing the N rates, the NUE tends to reduce, 

losing a part of the N into the environment. Recently, Zhang et al. (2015) hypothesized to apply the theoretical 

idea of the environmental Kuznets curve (EKC) for nitrogen pollution (Fig. 3). The EKC is a relationship 

hypothesized by the economist Simon Kuznets that relates the indicators of environmental degradation with 

the income level. In this case, the environmental costs increase with increasing the income level (i.e., the NUE 

goes down, Fig. 3) up to a maximum peak. Then the environmental impact turns down (e.g., the NUE increases, 

Fig. 3) thanks to the sustainable intensification of agriculture promoted by policies and the adoption of better 

N management technologies in the agricultural systems. 

 

 

Fig. 3 Environmental Kuznets Curve for the NUE (readapted from Zhang et al. 2020) 
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However, income is not the only explanatory variable of the NUE, as several drivers make the scenario much 

more complex, including infrastructure, subsidies, nitrogen prices, education, pedoclimatic conditions (Ariga 

and Jayane 2010), cultural, and societal factors (Zhang et al. 2015). While decreasing the use of N fertilizers 

is desirable and expected in most developed economies, a global increase in N fertilizers demand is expected 

in the next decades, mostly driven by developing countries (Heffer and Prud’homme 2016). Notwithstanding, 

N fertilizers manufacturing is a highly energy-demanding process. The Haber-Bosch process requires elevated 

temperature for the conversion of atmospheric N into ammonia, obtained from natural gas. Also, natural gas 

is needed to provide a source of hydrogen to make the chemical reaction. Around 3-5% of global natural gas 

consumption is destined for the N fertilizers industry and represents around 60-80% of the variable costs1. This 

makes the prices of N fertilizers highly dependent on natural gas, therefore on the global geopolitical scenario. 

The Russia-Ukraine conflict has shown the lack of resilience of current European food systems, with Russia 

as the main exporter of natural gas and nitrogen fertilizers in Europe (Ben Hassen and El Bilali 2022). In 2021, 

N fertilizers reached their maximum price, impacting food production costs and, lastly, food prices. The impact 

of higher N inputs costs on food prices was higher than the impact due to restricted food exportations from 

Russia and Ukraine, increasing undernourishment, and global food insecurity (Alexander et al. 2023). 

Therefore, both for developing and developed economies, it emerges of pivotal importance to support the 

agricultural sector in reducing the dependency on N fertilizers by increasing the NUE with better nitrogen 

management techniques. 

In this regard, vegetable crops represent a strategic sector, as they are central in the human diet and are high-

demanding N fertilizers crops. The World Health Organization (WHO 2005), in joint with FAO, recommends 

a minimum consumption of 400 g day-1 of fruits and vegetables for healthy well-being and to prevent chronic 

diseases, including cardiovascular disease, cancer, and all-cause mortality. Higher intake is recommended by 

Aune et al. (2017), up to 800 g day-1. It was estimated that in 2013, between 5.6 and 7.8 million deaths were 

attributed to a scarce intake of fruits and vegetables. In 2022 in Europe, 59.8 t of fresh vegetables were 

produced in 2 million ha (only 1.2% of the agricultural area, Tei et al. 2020), where 44% of the total production 

takes place in Spain and Italy (Eurostat, 2023). Although fresh vegetables are produced in 1.2% of the 

agricultural area of Europe, in 2016, 8.2% of the total agricultural goods value was generated by fresh 

vegetables (Tei et al. 2020). The intrinsic high value of vegetable crops often leads farmers to overapply N 

fertilizers to boost crop productivity and avoid economic losses: around 7.4% of total N fertilizers are supplied 

to vegetables at the global level, while 2.3% in the EU (Tei et al. 2020). It has been anticipated that excessive 

N supply is not exempt from drawbacks. Indeed, yet from 1960, ecologists and environmental scientists were 

aware of the environmental impact of N fertilizers (Viets and Lunin 1975), as they interact with the 

biogeochemical N cycle (Fig. 4). N is applied through fertilizers in two reactive forms, e.g., nitrate (NO3-) and 

ammonium (NH4
+). Once applied to the soil, N fertilizers undergo different environmental pathways. 

Typically, ammonium is rapidly oxidized in nitrate by soil nitrifying bacteria (Nitrosomonas spp., and 

Nistrosospira spp.) through the nitrification process. While nitrification is of marginal importance in 

undisturbed ecosystems (roughly 10% of total N undergoes nitrification), it is one of the main processes in 

intensive agroecosystems, where 95% of soil N undergoes nitrification (Subbarao et al. 2015). Although over 

95% of N uptake by crops is in the nitrate form, negative soil colloids do not retain the anionic N, leading to 

 
1 https://agriculture.ec.europa.eu/system/files/2019-07/market-brief-fertilisers_june2019_en_0.pdf  

https://agriculture.ec.europa.eu/system/files/2019-07/market-brief-fertilisers_june2019_en_0.pdf
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leaching losses of nitrates below the root zone toward groundwaters and water bodies. The main consequence 

of water contaminated by nitrates is the exponential algal bloom, i.e., eutrophication. Eutrophication concerns 

arose in 1950 when mineral fertilizers spread in the global market, promoting the diffusion of harmful algal 

bloom species and contributing to habitat changes (Gilbert et al. 2005). Furthermore, eutrophication is 

responsible for oxygen depletion in marine ecosystems, determining high marine fauna mortality (Rosenber 

and Loo 1988). Abundant irrigation exacerbates eutrophication, which drives nitrates below the root zone. In 

Europe, vegetable crops are mostly irrigated with drip irrigation or sprinkler systems, and at least 22% of water 

is lost through percolation below the root zone (Incrocci et al. 2020). Furthermore, excessive irrigation can 

lead to anoxic conditions in soil, and promote a second environmental burden, which is soil N denitrification 

(Schlüter et al. 2024). In soil, N denitrification occurs thanks to many bacteria that reduce nitrate or nitrite in 

nitric oxide (NO) or nitrous oxide (N2O, Knowles 1982). N2O is known to be a potent greenhouse gas (GHG), 

with a global warming potential of 250 times higher than CO2 (Menegat et al. 2022). Total agricultural CO2eq 

emissions were quantified at 9.2 billion tons (FAO 2020), and N fertilizers contributed between 10.6 and 13% 

of the total emissions (Menegat et al. 2022; FAO 2020). Here, N2O represented 58% of the N fertilizers-

associated emissions and 2.1% of the global GHG emissions (Menegat et al. 2020). Again, improving the NUE 

of fertilizers is a key strategy to reduce the global warming potential of agricultural production (Reay et al. 

2012). Furthermore, also ammonia (NH3) volatilization represents the most important outflow of N from the 

soil: on average the losses account for 10-14% of the N applied as fertilizer, but under specific pedoclimatic 

conditions they can reach more than 40% (Pan et al. 2016). NH3 is a gaseous reactive compound, that can 

negatively impact air quality and lastly human health (Hurtado et al. 2024) by forming airborne fine particulate 

matter (Bittman et al. 2014). Moreover, it can dissolve in the rain, thus return to the soil surface, and be 

involved again in new outflow pathways (e.g., indirect emission of N2O). Different drivers can affect NH3 

volatilization in the Mediterranean, including the soil pH, N rate, soil moisture, and fertilizers type and 

application method (Hurtado et al. 2024). 

 

Fig. 4 Simplified representation of the nitrogen cycle (Credit Cerasola V.A.) 
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Chapter 2 

 

PRECISION AGRICULTURE TO IMPROVE N USE EFFICIENCY: FROM 

SPECTROSCOPY TO DYNAMIC N FERTIGATION 
 

Nec ignorare colonos oportet, sicuti refrigescere 

agrum, qui non stercoretur, ita peruri, si nimium 

stercoretur; magisque conducere agricolae, 

frequenter id potius, quam immodice facere 

 

Farmers must then remember well, I think, that just 

as soil that receives no manure is cooled, so it 

remains scorched if it receives too much; therefore, 

the farmer should repeat this operation often 

rather than do it with harmful abundance

Columella, in II book of De re rustica, I century A.D. 

 

2.1 CURRENT N FERTILIZATION MANAGEMENT IN VEGETABLE CROPPING SYSTEM 

 

Nitrogen is a vital nutrient for crops, as it is essential in several metabolic processes. Indeed, N constitutes part 

of the chlorophyll, nucleic acids, the photosynthetic enzyme Rubisco, and more in general, proteins. Because 

of this, plants are highly susceptible to N deficiency. Symptoms manifest as chlorosis in older leaves which 

tends to yellow, but also accelerated fruit ripening, senescence of older leaves, flower drop, and low 

productivity (Tei et al. 2018). As vegetable crops are recognized as high-value crops, vegetable growers often 

exceed N supply above the optimal crop requirements (Tei et al. 2020). Excessive N application is not free 

from issues, as it leads to excessive vegetative production. Therefore, the leaf area index (LAI) increases, and 

consequently, it does transpiration and water requirements (Tei et al. 2018). Furthermore, plants are more 

susceptible to diseases, though this behavior can be pathogen-specific (Hoffland et al. 2000). Finally, fruit set 

might be reduced, negatively affecting the yield (Albornoz 2016). Especially if associated with abundant 

irrigation, environmental concerns can be exacerbated, as shown in the previous section (NO3
- leaching and 

N2O emissions). Current fertilization methods in open field vegetables involve two main techniques: broadcast, 

or localized fertilization (Simonne et al. 2017). The former consists of supplying the N fertilizers directly in 

the soil in granular form across the entire field surface. While broadcast fertilization has the lowest fertilization 

efficiency due to the small explorative capacity of the shallow root apparatus of vegetables in the interrow 

spaces (Tei et al. 2018), localizing the nutrients closer to the root zone is known to improve fertilization 

efficiency. The localized fertilization methods are reviewed by Simonne et al. (2017), including i) modified 

broadcast fertilization (fertilizers are supplied only on a part of the field surface, i.e., only where the raised bed 

will be formed); ii) banding application (the fertilizers are supplied close to the seed or below the plants at the 

transplant as starter fertilization or as banded side-dress); iii) fertigation. The diffusion of micro-irrigation, 

and, more specifically, drip irrigation, enabled the localization of the water and nutrients (in the more readily 

available liquid form) even closer to the root zone, allowing for a substantial increase of the nutrient recovery 
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efficiency up to 90%, as compared with alternative fertilization methods like broadcast fertilization (45%) 

(Incrocci et al. 2017). Fertigation presents several advantages (Incrocci et al. 2017; Tei et al. 2018), including: 

- Nutrient localization closes the root zone; 

- Automation of fertilizers supply; 

- Reduction of N run-off; 

- Improvement of yield and quality; 

- Supply of N along the entire growing season, also during soil coverage from the canopy; 

- Reduction of work to supply nutrients; 

- Avoids soil compaction due to machinery; 

- Possibility to supply nutrients during crop growth under mulching cultivation; 

- Matching of N supply with crop N requirements. 

Although foliar fertilization is an alternative fertilization method with high efficiency, it is most used for 

micronutrient supply. N, P, and K are required in higher amounts that could generate phytotoxicity if applied 

through foliar fertilization (Welbaum 2015). 

Adopting fertigation techniques, however, does not mean that fertilization will be automatically optimized, as 

it depends on following optimal management criteria. Optimal N fertigation needs to define two main 

elements: 

1. Optimal timing, i.e., the optimal moment when to supply the nutrient. Fertigation allows supplying the 

N fertilizers at any moment of the growing season, instead of broadcast or side-dress fertilization 

where the N fertilizers are supplied only in pre-planting and before the complete soil coverage by 

vegetation. However, the supply of N should be based on the assessment of the actual crop N status 

aimed at matching the crop N supply with the actual crop N requirements; 

2. Optimal amount (N rate) to be supplied (i.e., the minimum N amount needed to maximize 

productivity), which should be based on the actual crop N uptake rate to be assessed with the crop N 

status. Fertigation permits to supply the total N requirement split in multiple exceptionally low N rates 

(even 5-20 kg N ha-1), reducing the risk of N leaching. However, the optimal N rate varies with the 

pedoclimatic conditions, crop development stage, and crop management practices. Indeed, different 

optimal N rates can be experienced according to the planting date, climate, soil type, management of 

previous crop residues, in-season soil N mineralization, and so forth. Therefore, to avoid these 

uncertainties, excessive N rates are often supplied (Thompson et al. 2015). 

Assessing the crop N requirements through the balance sheet method  

Nitrogen dynamics in the soil is complex. It undergoes several biogeochemical processes that increase 

(inflows) or decrease (outflows) the N availability in soil for plant uptake. These include organic N 

mineralization, N volatilization, N leaching, N uptake by crops, N supplied with irrigation water, and N derived 

from crop residues mineralization (Tei et al. 2018). Through the estimate of such flows, the total N 

requirements (Nr) can be, ideally, determined: 

𝑁𝑟(𝑘𝑔 𝑁 ℎ𝑎−1) = (𝑁𝑢𝑝 × 𝑌𝑡) − (𝑁𝑝 + 𝑁𝑚𝑖𝑛 + 𝑁𝑠 + 𝑁𝑟𝑒𝑠 + 𝑁𝑖𝑤) + (𝑁𝑙 + 𝑁𝑣) 
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Where Nr is the total N rate. Nup x Yp represents the N uptake by the crop, determined by the N uptake unit 

(the amount of N absorbed by the plant per unit of product, Nup, kg t-1) multiplied by the target yield (Yt, t ha-

1); Np is the N present in the soil at the planting determined through chemical N determination in soil samples; 

Nmin is the N mineralized from soil organic matter; Ns is the N mineralized from organic N sources (manure, 

compost, etc.); Nres is the N mineralized from the residues of the previous crop; Niw is the N supplied through 

the irrigation water; Nl and Nv are respectively the N lost through leaching and volatilization. However, the N 

rate calculated has to be adjusted for the fertilization efficiency (Ef), as not all the nutrient supplied is recovered 

by the crop. However, the Ef is not univocal and depends on several factors including the soil type, the crop, 

the fertilizer type, and the fertilization method. Some authors suggest increasing the N rate with a safety margin 

which goes from 30 to 90 kg N ha-1. For crops with shallow roots, the safety margin is quite large, while it is 

restricted for crops with deep root apparatus (Gianquinto et al. 2013). Although we will not go through the 

analysis of each element of the equation, it is evident that the high degree of uncertainty creates doubt and 

limits its operational use (Ravier et al. 2016; Gianquinto et al. 2013). Indeed, N mineralization in soil is a 

complex process that depends on several variables, including soil properties (Miller et al. 2019), or soil water 

moisture (De Neve and Hoffman 2002). Similarly, predicting the N denitrified would easily lead to inaccurate 

results (Barton et al. 1999). Furthermore, the concept of target yield is another source of uncertainty. First, the 

concept of the target is conceived by farmers as the yield they would like to reach, which could be an 

overestimate of the yield they can potentially obtain (Ravier et al. 2016). Second, even if we consider the 

average yield of the last recent year, it approximates the interannual variability (Ceglar et al. 2016), which 

becomes even more difficult to predict especially under the inherent uncertainty due to the climate change 

(Asseng et al. 2013). Despite the difficulties imposed by the balance sheet method, its use is preferable to the 

rule of thumb frequently adopted by growers to estimate the N rate. Simplifications of the balance method are 

available in literature (Gianquinto et al. 2013; Tei et al. 2018), but they will not be considered in this work. 

Notwithstanding, it is preferable that N management schedules were based on the in-season assessment of the 

crop N status to adjust immediately the N fertilization during the crop growth, instead of estimates based on 

the crop yield. N fertilizers should be applied only when the N is not available in the soil to support plant 

growth, so N can be supplied before the deficiency becomes detrimental to the crop yield (Ravier et al. 2016). 
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2.2 PRECISION N MANAGEMENT IN VEGETABLE CROPS: 

TOWARD A DYNAMIC FERTIGATION 

 

According to the International Society of Precision Agriculture2, precision agriculture is “[...] a management 

strategy that gathers, processes and analyzes temporal, spatial and individual data and combines it with other 

information to support management decisions according to estimated variability for improved resource use 

efficiency, productivity, quality, profitability and sustainability of agricultural production”. In other words, 

precision agriculture aims at managing the inherent variability of soil, both in spatial and temporal terms, to 

optimize resources use efficiency including nitrogen fertilizers (Pierce and Novak 1999). The concept of the 4 

Rs (doing the right thing, in the right place, in the right moment, and in the right amount) forms, therefore, the 

foundation of precision agriculture. However, precision agriculture is primarily studied in cereal and staple 

crops, such as corn, wheat, and sugarcane (Cisternas et al. 2020). In such cropping systems, it is common 

practice to divide fields into homogeneous management zones (Ortega and Santibanez 2007; Inman et al. 2005; 

Denora et al. 2022). Then fertilizers are typically applied during growth stages that are critical for N 

fertilization (Padilla et al. 2018), using broadcast fertilization at a variable rate (the right amount) taking into 

account the spatial variability guided by prescription maps and GPS technology (Nawar et al. 2017). In 

vegetable cropping systems, fertigation does not permit the spatial division of the field into management zones. 

In fact, in vegetable crops precision N management generally focuses on the uniform application of the 

fertilizers, optimizing both the timing and rate to match the crop's requirements. This approach, known as 

dynamic optimization of nitrogen, was first proposed in the early 1990s (Vos and Struik 1992) and consists of 

adjusting N fertilization based on the crop's N status. This makes the rapid and precise monitoring of the crop 

N status imperative. Crop N sensing technologies are based on various principles and can monitor both soil 

(e.g., soil N content, nitrate concentration in soil solution extracts) and plants (Padilla et al. 2020). Plant-based 

approaches can be categorized into destructive methods (e.g., analysis of nitrate concentration in plant sap) 

and non-destructive methods (e.g., chlorophyll meters, reflectance sensors, Padilla et al. 2020). While soil-

based and destructive plant analyses are useful for monitoring N status, their primary drawbacks are the time-

consuming and localized nature of the measurements (Padilla et al. 2018). In contrast, non-destructive tools, 

especially reflectance sensors, are faster and capable of monitoring a larger and more representative area. The 

next section will provide more details on reflectance sensors. 

 

2.3 SPECTROSCOPY AND N MANAGEMENT 

 

2.3.1 REFLECTANCE SENSORS FOR CROP N MONITORING 

Spectroscopy is the study of matter through the measurement, analysis, and interpretation of the 

electromagnetic spectrum, by examining the interaction of light, at various wavelengths, with the matter. 

Although spectroscopy was initially adopted for chemometric and physics applications in the 19th century, it 

found use in Earth and vegetation monitoring during the last century, following the launch of the first Earth 

observation satellite by the United States in 1971 (De Jong et al. 2004). The use of satellites, and more recently 

 
2 https://www.ispag.org 

https://urldefense.proofpoint.com/v2/url?u=https-3A__www.ispag.org_&d=DwMFAg&c=vh6FgFnduejNhPPD0fl_yRaSfZy8CWbWnIf4XJhSqx8&r=ZdOeLICp-TQzJn7IBjoVTgXQSQ4s-y_tJNSDmejdM7U&m=NIzYFzTTMdSkCE0SOmeH2GSE4hoUm9kQ7k-qV4SL6bw&s=u73H2yj-HpgNE5hE5nOtC3qV_5hY-JmsVabX-Yk1cZs&e=
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unmanned aerial vehicles (UAVs, commonly known as drones), to monitor crops has become widespread in 

precision agriculture under the term remote sensing. Light travels through the vacuum as electromagnetic 

radiation, and it is partially absorbed, transmitted, and reflected in various directions (in the case of 

approximately Lambertian surfaces such as vegetation) when it finds an object (Van der Meer 1999). The light 

absorbed by vegetation is used in the photosynthetic process, with maximum absorption occurring at 

chlorophyll absorption peaks in the blue and red bands of the visible spectrum (Fig. 1). 

 

Fig. 1 Chlorophyll absorbance spectrum (left, Guidi et al. 2017), and typical reflectance, transmittance and absorptance of a leaf (right, 

Roelofsen et al. 2014). Asborptance (A) is the area between transmittance (T) and reflectance (R) curve, that can be calculated as A = 

1-T-R 

Based on optical properties such as reflectance, leaf biochemistry can be characterized in terms of N 

concentration, chlorophyll content, and leaf water content (Van Wittenberghe et al. 2014; Li et al. 2014). At 

the canopy level, biomass and N uptake can also be monitored through reflectance measurements (Li et al. 

2014). It is evident that crop reflectance results from both the biochemical composition of leaves (e.g., 

chlorophyll, carotenoids, anthocyanins) and crop architecture (e.g., leaf angle, leaf area index, LAI) (Berger et 

al. 2018). Remote sensing for vegetation monitoring relies on the measurement of light reflected by vegetation 

in the visible (400-750 nm), near-infrared (NIR, 750-1400 nm), and short-wave infrared (SWIR, 1400-2500 

nm) spectral regions. Reflectance above 2500 nm is typically too low due to significant atmospheric absorption 

of light photons, making it unsuitable for crop monitoring (Fig. 2). 

 

Fig. 2 Typical crop reflectance profile (Acevedo 2018). 
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Depending on the monitoring distance of the sensor, they can be classified as either proximal (sensor positioned 

close to the ground, typically around 2 meters from the canopy) or remote (mounted on drones or satellites). 

Furthermore, reflectance sensors are categorized as multispectral or hyperspectral based on the number of 

wavelengths they monitor. While multispectral sensors capture data from only a limited number of 

wavelengths, hyperspectral ones monitor a continuous reflectance profile with numerous wavelengths. As a 

result, these two types of sensors require different statistical approaches to estimate variables of interest for N 

monitoring. 

When using multispectral sensors, vegetation indices (VIs) are often calculated as simple mathematical 

combinations of a few reflectance bands. VIs are correlated through empirical regression with various crop 

traits, including crop N uptake (Magney et al. 2017), biomass (Cilia et al. 2014), leaf area index (LAI) (Liu et 

al. 2012), N concentration (Cilia et al. 2014), and yield (Ali et al. 2019). Recently, VIs have also been used in 

machine learning frameworks to retrieve different crop traits (Johnson et al. 2016; Narmilan et al. 2022). These 

traits, in turn, can be used in N management schemes by farmers. The Normalized Difference Vegetation Index 

(NDVI) is by far the most popular in the literature (Huang et al. 2021; Radočaj et al. 2023), but more than a 

hundred VIs have been developed (Xue and Su 2017). The bands most commonly used to build VIs related to 

N status are in the visible (500-530 nm and 600-790 nm) and near-infrared regions (Fu et al. 2021), although 

some short-wave infrared (SWIR, 1000-2500 nm) bands are sensitive to plant protein content (Berger et al. 

2020a). 

While VIs remain widely adopted due to their simplicity, the advent of hyperspectral sensors and machine 

learning has introduced new approaches for monitoring crop N status and retrieving crop variables. 

Hyperspectral reflectance profiles provide much more information than multispectral reflectance, especially 

when raw bands are used in full-spectrum approaches rather than calculating VIs. This has been shown to 

increase the accuracy of retrieving crop traits (Verrelst et al. 2011a). However, the large number of narrow 

bands introduces redundancy, complicating crop monitoring and requiring computationally demanding data 

processing to manage high-dimensional datasets. This issue, known as the Hughes phenomenon or the curse 

of dimensionality, often necessitates dimensionality reduction techniques to effectively retrieve crop traits 

(Rivera-Caicedo et al. 2017). 

 

2.3.2 APPROACHES OF DYNAMIC N FERTIGATION MANAGEMENT WITH REFLECTANCE SENSORS AND 

THE ISSUE OF THE OPTIMAL N RATE 

 

When reflectance is monitored in a field, it must be translated into a recommendation for N fertigation. Simple 

VIs can serve as indicators of crop N status, and fertigation should be recommended whenever the VI falls 

below a certain critical threshold that can potentially limit the final crop yield (Gianquinto et al. 2011b). 

Various methodologies have been developed to establish these critical thresholds. The approach most known 

in literature is the spy plot (or reference plot) strategy (Samborski et al. 2009). This method involves cultivating 

a representative portion of the field under non-limiting N conditions (the spy plot). If the VI measured in the 

field drops below 90-95% of the VI in the well-fertilized spy plot, N should be applied. A rapid indicator of N 

status typically used is the sufficiency index (SI), which is the ratio of the VI in the field to the VI in the well-

fertilized plot. This strategy has proven effective in reducing N inputs by 17-66% while maintaining similar 
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yield levels as compared to high fertilization, as shown in cantaloupe (Gianquinto et al. 2010). However, the 

spy plot strategy requires splitting the field into two independent sectors, which can be challenging under real 

farming conditions. For this reason, adopting absolute threshold values of VIs is preferred, that do not 

necessitate the in-season calibration with a crop non-limited in N. Ideally, an absolute VI threshold represents 

the minimum VI value required to maximize yield or crop growth (Gianquinto et al. 2010). Gianquinto et al. 

(2001) proposed a methodological approach to define the absolute VI threshold using a linear-plateau 

regression model between SPAD values and the relative yield of the crop (Fig. 3a). 

 

Fig. 3 Linear-plateau relationship between the SPAD values and the relative yield (a, Gianquinto et al. 2001). The absolute SPAD 

threshold (Xs) at 44 day after emergence (DAE) in potato. C, SL and S represent different soil types (clay, silty loam, and sandy). On 

the right, the development of the critical NDVI threshold from the nitrogen nutrition index (NNI) (b, Padilla et al. 2017) 

This approach requires field trials to develop the threshold model considering different cultural conditions, 

including factors like soil texture and residue management from previous crops. The linear-plateau regression 

model is developed at different growth stages, indicated by growing degree days (GDDs). Once the instrument 

threshold values are extrapolated for various stages throughout the growing season, they are interpolated across 

the GDDs to create the threshold model along the growth of the crop. Although this approach was first 

proposed in the early 2000s (Gianquinto et al. 2001), it has only been tested on potato crop using SPAD values, 

showing N input savings of up to 58% compared to conventional fertilization at 180 kg ha⁻¹ (Gianquinto et al. 

2002). An alternative approach to determine critical VI thresholds consists of correlating the VI with the 

nitrogen nutrition index (NNI) using parametric regression models. The NNI is the ratio of the crop's actual N 

concentration to its critical N concentration, with an optimal N status corresponding to NNI = 1. The threshold 

of the VI can be derived from the relationship between NNI and VI by solving for NNI = 1 (Fig. 3b, Padilla et 

al. 2017). However, developing such threshold models is time-consuming. These regression models must be 

based on at least two years of field trials, ideally conducted across multiple locations and under varying cultural 

conditions. Although the effect of cultivar on reflectance patterns was found to be negligible for some crops 

including sweet pepper, muskmelon, and cucumber (De Souza et al. 2020; Padilla et al. 2024), other studies 

have shown that plant architecture can impact reflectance, as observed in wheat genotypes (Pinter et al. 1985). 

This suggests that further effort is needed in threshold model development, and cultivar-specific models might 

be necessary. As a result, there is concern that developing these models could slow the adoption of precision 

agriculture techniques. In our opinion, an optimal threshold model should not only be accurate for a specific 

cultural condition but also easy and rapid to develop. Despite the logistical challenges of implementing the spy 

plot strategy, it remains an effective method for reducing N inputs without compromising yield. Ideally, 
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monitoring the optimal VI profile in a well-fertilized crop during the previous growing season would accelerate 

the threshold model development process. The availability of open-access satellite data that can monitor 

reflectance over past growing seasons further simplifies this process. Furthermore, open-access satellites are 

the cheapest platform for N management (Sozzi et al. 2021). This makes them a candidate for expanding 

precision N management also into developing countries (Phiri et al. 2020), where the N fertilizers demand is 

expected to increase as a consequence of economic growth. 

 

Fig. 4 Green vegetation index (GVI) monitored from two sensors platform (a proximal hand-held reflectance sensor, ground, and a 

satellite, Sentinel 2.) in a double row processing tomato cultivation in real farming conditions (Cerasola, unpublished data) 

For instance, in Fig. 4, the green vegetation index (GVI) was monitored in a double-row tomato cropping 

system on a commercial farm in Alfonsine (Ravenna, Italy) in 2021 using both a proximal hand-held sensor 

and the open-access Sentinel 2 satellite. The differences in GVI measurements during the early growing season 

highlight how the type of sensor (proximal vs. remote) affects the results. A sharp increase in GVI is observed 

with the proximal sensor, likely due to the rapid biomass growth within the sensor's field of view 

(approximately 0.64 m2). In contrast, remote sensors capture reflectance from the entire field, merging the 

reflectance of both vegetation and soil between the two rows. This highlights that when a threshold model is 

developed with proximal sensors from field trials, technicians must remember that scaling up to remote 

platforms may not be straightforward. Developing threshold models specifically from satellite data could 

address this issue.  

The approaches discussed above help to determine the optimal timing for N application, ensuring that N supply 

matches with crop needs. However, once fertigation is recommended by a threshold model, the correct N rate 

must be applied to avoid over-fertilization. One of the advantages of fertigation is the ability to supply nutrients 

in small amounts. The simplest method is to apply a small default N rate (e.g., 10-30 kg N ha⁻¹, Gianquinto et 

al. 2010). However, a major limitation of this approach is that the crop N requirements depend on the growth 

stages, and a limited or excessive amount of fertilizer can be supplied. By adopting a threshold model (Fig. 3), 

the N rate should be adjusted whenever the VI falls below the critical threshold to prevent yield losses. 

The N rate should be dependent on the gap between the monitored VI and the critical threshold. Gianquinto et 

al. (2001) suggested calculating the optimal N rate as follows: 

𝑁 𝑟𝑎𝑡𝑒 (𝑘𝑔 ℎ𝑎−1) =
(1 − 𝑌𝑟) ∙ 𝑌𝑚𝑎𝑥 ∙ 𝑁𝑐

𝑁𝐹𝐸 ∙ 𝐻𝐼
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where Yr is the actual relative yield corresponding to the instrument reading measured in the field, Ymax is 

maximum potential yield or target yield (kg ha-1) that can be obtained by the crop, Nc is the critical N 

concentration, NFE is N fertilizer efficiency, and HI is harvest index. In this case, several variables must be 

known to initialize the formula. While some variables can be obtained from the literature (e.g., NFE, HI, and 

Nc), determining the potential yield of the current crop before or during the growing season is widely 

recognized as a major challenge (Ravier et al. 2016; Li et al. 2022). Although the average yield from previous 

growing seasons could be used as an estimate of potential yield, climate variability introduces significant 

uncertainty, particularly in the context of ongoing climate change. While crop yield forecasting algorithms 

may offer a potential solution (Schwalbert et al. 2020), the slope of the linear portion of the linear-plateau 

model should be known to initialize the equation and calculate the final nitrogen rate. This slope varies across 

different growth stages (Gianquinto et al. 2010) further complicating the issue and making precise nitrogen 

management more challenging. An ideal approach to estimate the N rates should be based on crop models, 

which have the potential to simulate dynamic physiological processes. Among these, we find the critical N 

dilution curve (CNDC), a crop nutritional diagnostic method based on the allometric relationship between crop 

N concentration (or N uptake for the critical N uptake curve) and biomass accumulation (Fig. 5a, Li et al. 

2022). The CNDC defines critical N concentration as the minimum concentration needed in the crop biomass 

to achieve maximum growth (Ulrich 1952). This allometric relationship between aboveground dry biomass 

(AGB) and critical N content (Nc) is expressed as a negative power function: 

𝑁𝑐  (%) = 𝑎 𝐴𝐺𝐵−𝑏 

When AGB is less than 1 t ha-1, Nc tends toward infinity; thus, Nc=a when AGB is less than 1 t ha-1. The 

asymptotic reduction of Nc is attributed to changes in N allocation among crop organs as the plant grows (Li 

et al. 2022). On the other hand, the coefficient b characterizes the pattern of decrease of the N% during the 

growth. N accumulates at a lower relative rate of biomass accumulation, also in conditions of nonlimiting N 

availability in soil (Lemaire and Gastal 1997). This leads to a decrease in crop N concentration. Indeed, as 

crop development progresses, N is redistributed from organs with high N concentrations, the leaves, to those 

with lower concentrations, such as stalks and fruits. 

A first broad classification can be made considering the plant metabolic group. While coefficient b, according 

to Greenwood et al. (1990), is quite stable across species (0.34 on average), differences were remarked in the 

value of coefficient a between C3 and C4 crops (4.8 and 3.6, respectively). C4 species require 75% of the N 

required by C3 species at the same level of biomass (Lemaire and Gastal 1997, Sage 1999), reflecting the 

different metabolic pathways for CO2 assimilation: the higher photosynthetic efficiency of C4 plants, results in 

a reduced concentration of Rubisco enzyme, which can account up to 30% of total leaf N in C3 species (Lemaire 

and Gastal 1997; Sage 1999). Despite this metabolic classification, various species-specific CNDCs have been 

developed for several vegetable crops, including processing tomatoes (Tei et al. 2002), greenhouse tomatoes 

(Padilla et al. 2015), greenhouse sweet peppers (Rodríguez et al. 2020), lettuce (Conversa and Elia 2019), and 

carrots (Shlevin et al. 2018). Makowski et al. (2020) proposed a Bayesian methodology to quantify the 

uncertainty degree of the CNDC, particularly for the parameters a and b. In this regard, Ciampitti et al. (2021a) 

investigated the stability of coefficients a and b across different genotypes, management practices, and 

environmental conditions (G x M x E). The authors found that while the coefficient a is stable across scenarios, 

b varies under different G x M conditions, questioning the universality of CNDC. Similar conclusions were 
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drawn by Yao et al. (2021), adding that the uncertainty is higher at lower biomass levels. Conversely, Ciampitti 

et al. (2021b) demonstrated that there is no strong evidence that soil water availability affects the CNDC. This 

is of utmost relevance, as it means that a general curve can be used across different soil moisture scenarios, 

also given the projected soil moisture depletion as a consequence of the ongoing climate change (Grillakis 

2019). 

 

Fig. 5 Critical N dilution curve (a, readapted from Li et al. 2022) and critical N uptake curve (b). Also, the graphic representation of 

the N rate (ΔN) proposed by Houles et al. (2007) is reported. 

Based on the concept of critical N, values above the CNDC indicate a supra-optimal N status, while values 

below the curve suggest sub-optimal N conditions, prompting the need for N supply. However, obtaining crop 

input parameters for models, such as N concentration or AGB, is often difficult and time-consuming (Fu et al. 

2021). Reflectance monitoring can help gather crop input data to initialize the model (Fu et al. 2021; Houles 

et al. 2007). The Nitrogen Nutrition Index (NNI) is frequently calculated and monitored via remote sensing 

platforms to aid N fertilization decisions (Cilia et al. 2014; Zhao et al. 2018), ensuring the optimal timing for 

N application. 

𝑁𝑁𝐼 =
𝑁𝑎𝑐

𝑁𝑐
 

Cilia et al. (2014) proposed 0.9 as the critical NNI threshold to trigger fertilization, but this alone is insufficient 

to determine the optimal N rate unless empirical relationships between the N rate and NNI are developed (Ata-

Ul-Karim et al. 2017). Houles et al. (2007) introduced an approach to calculate optimal N rates using the 

critical N uptake curve (CNUC). Instead of using N concentration, the CNUC relies on critical N uptake 

(expressed as kg of N uptake by the crop in one hectare), calculated as the product of Nc and corresponding 

crop biomass. If AGB and N uptake is monitored during the growing season using non-destructive methods 

(e.g., reflectance monitoring), the optimal N rate can be calculated as the difference between actual N uptake 

and the critical curve (Fig. 5b). Thus, AGB, N concentration, and N uptake are crucial parameters that, when 

monitored, can assist farmers and agronomists in determining the optimal N rate. Non-destructive monitoring 

of these variables remains a key research area (Wang et al. 2021; Berger et al. 2020a). However, much of the 

research has focused on cereal and staple crops (Wang et al. 2021), with limited studies on vegetable crops. In 

cereals, the estimation of these agronomic variables typically focuses on specific growth stages critical for N 

fertilization (Zhang et al. 2021; Elsayed et al. 2018). This approach is less suitable for vegetable crops, where 
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N can be applied continuously throughout the growing season via fertigation. Therefore, retrieval models for 

vegetable crops should be capable of monitoring biomass or N uptake continuously. 

The next section briefly overviews retrieval approaches for crop traits using spectral data. 

2.3.3 RETRIEVAL APPROACHES OF CROP BIOPHYSICAL VARIABLES FROM REFLECTANCE DATA 

 

The retrieval of crop biophysical variables using optical properties is of great significance for precision 

agriculture applications. Biophysical traits are continuous variables, meaning that regression approaches are 

needed to translate radiometric data into meaningful agronomic information. However, the abundance of high-

resolution reflectance data – both multispectral and hyperspectral – has made developing effective retrieval 

approaches crucial. These methods have been thoroughly reviewed by Verrelst et al. (2019), particularly in the 

context of retrieving leaf area index (LAI) and leaf chlorophyll content (LCC), two variables that are frequently 

estimated in remote sensing applications. Briefly, four categories are here summarized: 

 

Fig. 6 Schematic representations of retrieval approaches of biophysical variables from radiometric data, personal representation based 

on Verrelst et al. 2019 

 

1. Parametric regression methods. These approaches establish a parametric relationship between a 

limited number of spectral bands – often combined in vegetation indices – and a biophysical variable 

of interest. Also included in this category is the use of shape indices, where information is derived 

from the shapes of specific regions of the spectral profile (e.g., red-edge position, integrals of spectral 

regions, derivatives of the spectral profile, or continuum removal). The resulting regression functions 

are calibrated with in-situ data and must be validated across different environmental conditions due to 

their inherently empirical nature. Low transferability across different regions is, indeed, the main 

disadvantage (Berger et al. 2018). Various sources of variation can generate a confounding effect in 

these relationships (Gianquinto et al. 2019), potentially limiting their applicability in diverse 

operational settings. Parametric methods are among the most widely used in retrieval tasks, primarily 

due to their fast processing, low computational demand, and minimal knowledge requirements for 

implementation. However, the high risk of confounding variables may affect their performance, 
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uncertainty, and portability to scenarios beyond the model's original development conditions. 

Furthermore, since only a limited number of spectral bands are utilized, the hidden information within 

the remaining spectrum is not fully exploited, necessitating further studies to identify the most 

effective bands and vegetation indices for retrieval (Gianquinto et al. 2011a). 

2. Non-parametric regression methods. In contrast to parametric methods, non-parametric approaches 

do not require explicit selection of spectral bands, allowing for the exploitation of the full-spectrum 

information. These methods can be further classified into linear and nonlinear categories. Linear 

methods, generally simpler, apply linear transformations to input variables. However, they may not be 

optimal for datasets with large numbers of input bands (e.g., hyperspectral data), often necessitating 

dimensionality reduction (Rivera-Caicedo et al. 2017). Nonlinear non-parametric methods – 

commonly referred to as machine learning regression algorithms (MLRAs) – apply nonlinear 

transformations to input data, capturing complex relationships between spectral properties and the 

agronomic variables. MLRAs can efficiently handle diverse data types, including also full-spectrum 

data. Furthermore, their flexibility allows them to fuse data from various sources (e.g., data fusion 

approaches of reflectance, farm management, and agroclimatic data). For instance, data fusion 

techniques with MLRAs enhanced the Nitrogen Nutrition Index (NNI) estimation accuracy compared 

to using reflectance data alone (Jiang et al. 2022). In recent years, kernel-based MLRAs, which utilize 

kernel functions, have gained popularity in remote sensing with excellent results. Kernel algorithms 

with a Bayesian framework, such as Gaussian Process Regression (GPR), offer additional benefits, 

such as identifying relevant spectral bands for specific variables and estimating the uncertainty of 

predictions. In practice, fine-tuning hyperparameters is essential to prevent overfitting in MLRA 

models, though automatic toolboxes like ARTMO3 (available in MATLAB) make these methods more 

accessible (Verrelst et al. 2011b). Despite the superior retrieval performance of MLRAs (Chlingaryan 

et al. 2018) and their widespread success in scientific applications (Berger et al. 2020a), they are often 

criticized as 'black boxes' because they do not easily allow for interpreting how input variables interact 

to produce the output (Rudin 2019). 

3. Physically based regression methods. These methods rely on understanding the causal physical laws 

governing the interaction between spectral properties and specific crop biophysical variables. Crop 

reflectance is influenced by various factors at both the leaf biochemical level (e.g., chlorophyll content, 

pigments, water content) and the canopy level (e.g., Leaf Area Index, leaf angles). These variables, 

known as state variables (Verrelst et al. 2019), have well-established effects on reflectance across 

different spectral bands. Based on the physical law of the interaction between the crop and the light, 

the Radiative transfer models (RTMs), such as the PROSAIL model, can generate a simulated database 

of the crop reflectance profile by considering various combinations of the state variables (Jacquemoud 

et al. 2009). As this method is based on physical law, it is widely transferable to different regions and 

growing conditions (Berger et al. 2018). The RTM-based approach involves two main steps. First, a 

crop reflectance database is generated using RTM simulations and look-up tables (LUTs), with each 

reflectance profile corresponding to a specific set of state variables. Second, the crop spectral profile 

is first monitored in the field where the state variable has to be monitored. Then it is inverted by the 

RTM using numerical inversion techniques, and the state variables that correspond to the simulated 

 
3 https://artmotoolbox.com/  

https://artmotoolbox.com/
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reflectance profile most closely match the measured one are finally retrieved. Generating the simulated 

reflectance database requires detailed knowledge of the LUT input parameters and can be 

computationally intensive. Moreover, the retrieval accuracy is vulnerable to low-quality reflectance 

data, such as those affected by noise or atmospheric interference. Although RTMs can be inverted to 

retrieve individual state variables (Verrelst et al. 2019), some of them can also be combined to estimate 

additional variables, such as crop biomass (Wocher et al. 2022) or nitrogen uptake (Berger et al. 

2020b). Alternatively, Kayad et al. (2022) used the RTM to invert the LAI, which was used to 

extrapolate the AGB using empirical equations. 

4. Hybrid methods. These methods combine the strong generalization ability of physically-based 

approaches with the flexibility of non-parametric methods. Like the physical approach, an RTM is 

used to generate a simulated canopy reflectance database. However, instead of directly comparing the 

in-situ spectral profile to find the closest simulated spectrum for retrieving the corresponding state 

variable, the simulated spectral database is used to train a machine learning algorithm. In this case, the 

input data are the simulated spectra, and the outputs are the state variable levels that generated those 

spectra. The final step is validating the model using real in-situ field data (Berger et al. 2020b). The 

advantage of this method is the need for a restricted dataset for validation purposes, in addition to the 

high generalization capacities. 

However, it is important to emphasize that no single approach is better than another. The suitability of one 

method over others should be determined by broader considerations, including the expertise of the end user 

and the available technology (whether multispectral or hyperspectral). 
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OBJECTIVES OF THE THESIS AND RESEARCH QUESTIONS 
 

Tomatoes (Solanum lycopersicum L.) play a significant role in the human diet, particularly in Europe and 

North America, where per capita consumption ranges from 17 to 22 kg per person annually (WTPC 2019). As 

a result, processing tomatoes are among the most widely cultivated vegetable crops in open-field systems. The 

leading production regions include China, North America, and Europe, especially the Mediterranean basin, 

which collectively produces approximately 3.7 million tons annually (Cammarano et al. 2020). Research by 

Ronga et al. (2019) indicates that N fertilizers significantly contribute to environmental burdens during the 

cultivation phase. Therefore, optimizing N fertigation in processing tomatoes is a priority within the vegetable 

production sector. The main objective of this thesis is to develop and validate innovative strategies for 

enhancing dynamic N fertigation in processing tomatoes using reflectance sensors. This research will focus 

particularly on determining the optimal N rate to ultimately optimize N fertilization. The GVI has been 

identified as the most effective vegetation index for assessing N status in processing tomatoes (Gianquinto et 

al. 2011a). Consequently, a GVI threshold model developed in previous years requires agronomic validation 

through field trials (G. Gianquinto, unpublished data). Additionally, the feasibility of using the VI monitored 

in a well-fertilized crop from the previous growing season as a reference threshold to trigger fertigation was 

questioned as well. To calculate the optimal N rate within the context of dynamic N fertigation, two different 

approaches were considered: one that is low in computational demand, based on the implementation of an N 

balance sheet, and another that is more computationally intensive, integrating spectral data with crop models, 

specifically the critical nitrogen uptake curve (CNUC). The latter approach investigates various statistical 

techniques to retrieve key crop parameters—such as aboveground biomass, N uptake, nitrogen nutrition index, 

and leaf area index—to initialize the CNUC, employing both parametric and non-parametric regression 

methods. Here, considering the growing popularity of RTMs in the literature, the potential for extrapolating 

AGB from the retrieved LAI is called into question. The following research questions (Q) will be answered: 

 Research questions 

Q1 To what extent does dynamic N fertigation, guided by GVI thresholds, impact the agronomic, 

economic, and environmental efficiency of fertilization in processing tomatoes? 

Q2 Can the optimal GVI profile along growing degree days (GDDs) monitored in well-fertilized 

tomatoes from a previous year serve as an effective threshold model for optimizing nitrogen inputs? 

Q3 Can the N balance sheet be integrated into GVI threshold models to recommend the optimal N rate? 

Q4 Is simple parametric regression adequate for estimating the aboveground biomass (AGB) of 

processing tomatoes from vegetation indices? 

Q5 Can incorporating agroclimatic data, such as GDDs, alongside reflectance measurements enhance 

the estimation of aboveground AGB in processing tomatoes? 

Q6 Are non-parametric regression approaches (MLRAs) adequate for estimating AGB and N uptake, 

as well as for initializing the Critical Nitrogen Uptake Curve (CNUC) using hyperspectral data? 

Q7 Is it possible to indirectly estimate the AGB from the leaf area index (LAI) obtained through 

hyperspectral reflectance measurements? 

Q8 What are the optimal parameters to retrieve for initializing the CNUC among AGB, LAI, N uptake, 

and NNI? 
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Table 1. Research questions and output of the research. The symbol 
• indicates that the paper is submitted and is still under peer-review. 

MS and HS stand for multispectral and hyperspectral, respectively. * indicates that unpublished data provided by G. Gianquinto were 

analyzed 

Research 

question 

Experiment  Location Sensor Year Chapter Paper 

Q1 Exp. 1 (2004)* and Exp. 

3 (2023) 

Legnaro (PD, 2004), 

Cadriano (BO, 2023) 

MS 2004 and 

2023 

3 Cerasola et al. 2024b• 

Q2 Exp. 3 Cadriano (BO) MS 2023 3 Cerasola et al. 2024b• 

Q3 Exp. 3 Cadriano (BO) MS 2023 3 Cerasola et al. 2024b• 

Q4 Exp. 2 Cadriano (BO) MS 2022 4 Cerasola et al. 2023a 

Q5 Exp. 2 Cadriano (BO) MS 2022 4 Cerasola et al. 2023b 

Q6 Exp. 4 Cadriano (BO) HS 2023 5 Cerasola et al. 2024a• 

Q7 Exp. 4 Cadriano (BO) HS 2023 5 Cerasola et al. 2024a• 

Q8 Exp. 4 Cadriano (BO) HS 2023 5 Cerasola et al. 2024a• 
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Chapter 3 

 

UNVEILING DYNAMIC NITROGEN (N) FERTIGATION THROUGH REFLECTANCE 

SENSORS: TOWARD A SUSTAINABLE OPTIMIZATION OF NITROGEN USE 

EFFICIENCY AND GREENHOUSE GASES EMISSIONS IN PROCESSING TOMATO 
 

Cerasola, V.A., Bona, S., Borsato, D., Gavioli L., Moretti, G., Manfrini, L., Pennisi, G., Orsini, F., Buscaroli, E., Sambo, P., 

Gianquinto, G. (2024a). Unveiling dynamic nitrogen (N) fertigation through reflectance sensors: toward a sustainable optimization of 

nitrogen use efficiency and greenhouse gases emissions in processing tomato. In Scientia Horticolturae (submitted). 

 

PREMISE 

The high value of vegetables causes farmers to exceed in nitrogen fertilizer application, then resulting in 

environmental burdens and increased costs. Precision agriculture has the potential to significantly reduce the 

nitrogen inputs and reflectance sensors can be potentially used to drive dynamically the fertilization in 

vegetables. The present chapter aims to demonstrate the agronomic and environmental potential of dynamic 

nitrogen fertigation using reflectance sensors in tomato cultivation. Multiple GVI threshold models were 

developed using different methodological approaches, consisting of developing empirical models between a 

vegetation index and the crop nitrogen status. However, this methodology provides little information on the 

optimal nitrogen rate to be supplied: the N balance sheet method was, therefore, proposed as a simple method 

to support the calculation of the optimal rate when fertigation is recommended by the threshold model.  
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Abstract – Dynamic management of nitrogen (N) guided by multispectral sensors can help in matching in-

season crop N requirements with precise N supply through fertigation. In the present work, different dynamic 

strategies to optimize N fertigation in processing tomatoes were explored in two plot experiments and two 

different years and locations, in comparison with a well-fertilized control (180 kg N ha-1, N180). In dynamic 

N strategies, the green vegetation index (GVI) was monitored with a hand-held multispectral radiometer. When 

the GVI fell below a critical threshold, N fertilizer was supplied via fertigation. Critical thresholds were 

developed using different approaches: in the spy plot strategy (N SPY), the N fertilizer was supplied whenever 

the GVI of the plot was below 90% of the GVI in the spy plot N180. Conversely, absolute threshold GVI 

values were developed in previous modeling stages based on linear-plateau relationships between the GVI and 

the relative yield (N THR strategies), or based on the monitoring of the GVI profile of tomatoes under non-

limiting N conditions in a previous growing season (N SPYEVO). In general, the dynamic N strategies saved a 

significant amount of N fertilizers (with reductions by 38-60%), with best performances observed for the N 

THR and N SPYEVO. Dynamic N strategies did not penalize the marketable yield, thus, the N use efficiency, 

the fertilizer costs, and the greenhouse gas emission intensity associated to the fertilization were significantly 

optimized. Furthermore, dynamic N strategies produced fewer but bigger fruits, and sometimes with enhanced 

soluble solids content (°Brix). The present work shows innovative N management strategies to optimize N 

inputs in processing tomato cultivation, confirming the potential of multispectral sensors in precision 

agriculture. 

Keywords: precision agriculture, nitrogen fertilization, nitrogen use efficiency (NUE), dynamic N 

management, vegetation index, fertigation 

 

1. INTRODUCTION 

 

Nitrogen (N) stands out as an essential nutrient for crops, as it is a fundamental constituent of proteins, 

chlorophyll, and nucleic acids, thus being crucial for vital metabolic processes. Consequently, N fertilizers 

play a key role in enhancing crop productivity, thereby contributing to ensuring food security and reducing 

malnutrition (Penuelas et al. 2023). Notwithstanding, vegetable farmers often view N fertilizers as a simple 

tool to boost productivity and mitigate economic losses, which ultimately leads to excessive applications (Tei 

et al. 2020). Coupled with the frequent over-irrigation and the shallow root apparatus of vegetable crops, this 

practice increases the risk of nitrate (NO3
-) leaching, contributing to the eutrophication of water bodies. 

Moreover, the excessive N fertilizers supply leads to denitrification of NO3
- in soil, resulting in increased 

emissions of nitrous oxide (N2O), a potent greenhouse gas (GHG) with a global warming potential 265 times 

greater than CO2 (Menegat et al. 2022). According to Menegat et al. (2022), N fertilizers supply chain accounts 

for approximately 10.6% of total agricultural GHG emissions, and 2.1% of global GHG emissions. It is, 

therefore, clear that N fertilizers management is central in the dichotomy between food security and 

environmental protection (Penuelas et al. 2023). The global inefficiencies in N fertilizers management reduce 

nitrogen use efficiency (NUE) in cropping systems. Globally, only about 55% of the N fertilizers applied are 

uptaked by crops, although such value is heavily influenced by the local socioeconomic context (Valenzuela 

2024). Additionally, the price of N fertilizers is significantly influenced by the geopolitical scenario (e.g., the 

Ukraine-Russia conflict), which adversely impacts farm profitability and ultimately results in higher food 
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prices (Zeka and Skreli 2022; Hebebrand and Laborde 2023). Therefore, optimizing NUE is a crucial priority 

to alleviate environmental burdens and enhance the resilience of farming systems. 

In vegetable cropping systems, N fertilizers are often supplied during crop growth through irrigation water 

(fertigation) (Gianquinto et al. 2011a). Here, the N fertilization is usually scheduled based on the farmer’s 

experience or look-up-table adapted for different pedoclimatic conditions (Tei et al. 2020). However, to 

optimize NUE, the N fertilizer should be supplied when it is crucial for plant growth, matching the crop 

requirements at each growth stage. Such a method to manage the N fertilization, introduced as “dynamic 

optimization of N supply” yet in the early nineties (Vos and Struik 1992), requires for the rapid assessment of 

the crop N status. Nowadays, optical sensors are among the quickest tools to assess the crop N status. These 

include transmittance hand-held chlorophyll meters (Blackmer and Schepers 1995) and reflectance sensors. 

Reflectance sensors can involve proximal sensing, such as hand-held multispectral radiometers, or remote 

sensing tools, including unmanned aerial vehicles or satellites (Padilla et al. 2020). Multispectral radiometers 

are rapid tools capable of monitoring the crop reflectance at different wavelengths, which in turn is used for 

the calculation of vegetation indices related to crop N status (Gianquinto et al. 2011a). For instance, 

Normalized Difference Vegetation Index (NDVI) and Red Vegetation Index (RVI) were the most sensitive 

indices for greenhouse indeterminate tomatoes (Padilla et al. 2015), and cucumber (Padilla et al. 2017), while 

Green Vegetation Index (GVI) and Green Normalized Difference Vegetation Index (GNDVI) were the most 

reliable indices to assess the N status in open-field processing tomatoes (Gianquinto et al. 2011a). However, 

the use of such tools in scheduling N fertigation depends on the availability of threshold or reference values, 

below which the crops are considered in N starvation (Gianquinto et al. 2011b). Different methodologies have 

been developed to obtain such critical thresholds, and the spy plot strategy, also known as the reference plot 

strategy, is by far the most known in the scientific community. This strategy involves maintaining a plot with 

non-limiting N levels (spy plot) within the field: when the instrument’s reading monitored in the field is below 

the 90-95% of the reading from the spy plot, then N fertilizer should be supplied (Samborski et al. 2009). This 

strategy proved to be efficient in cantaloupe cultivation, ensuring a drastic reduction of N supply down to 17-

66% without yield reduction in comparison to control fertilization (Gianquinto et al. 2010), by 38-63% in 

potato (Fernandes et al. 2022), and by 25-44% in staked tomato (Oliveira et al. 2019). Despite the effectiveness 

of the spy plot strategy in enhancing the NUE, its adoption by farmers is hindered by the need to split the field 

into two independent fertigation sectors. A promising alternative consists of the adoption of absolute threshold 

values of a N status index along the entire growing season. Two main methodologic approaches exist to derive 

absolute threshold values: the first one, proposed by Gianquinto et al. (2004), relates the instrument reading 

(SPAD, or vegetation index) at different growth stages with the relative yield in linear-plateau models (Zheng 

et al. 2015; Padilla et al. 2017). The second approach consists of relating the instrument reading with the 

Nitrogen Nutrition Index (NNI), and the threshold is obtained by solving the equation for NNI=1 (Padilla et 

al. 2015; Rodríguez et al. 2020; Vadillo et al. 2022). Beside the approach adopted for building threshold curves, 

to the best of our knowledge, only Gianquinto et al. (2001) have tested the dynamic fertilization guided by 

absolute SPAD threshold values in potatoes, achieving up to 37-58% saving of N fertilizers as compared with 

control fertilization, while maintaining the same yield level. And it is not only a matter of saving N fertilizers, 

as dynamic fertilization could also enhance the quality of the produce (Gianquinto et al. 2010), and be more 

profitable than conventional fertilization (Moreno-Garcìa et al. 2018). 

Processing tomato (Solanum lycopersicum L.) stands among the most important vegetable crops in the World, 

and its productivity strongly depends on proper N fertilization (Petropoulos et al. 2020). Although threshold 
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values of processing tomato exist for some tools (Vadillo et al. 2022; Gianquinto et al. 2004), their 

effectiveness for guiding N fertilization and improving the NUE was never explored. In the present paper, 

different dynamic N management strategies are tested at experimental plot level in two growing seasons and 

locations of Northern Italy using passive multispectral radiometers. 

 

2. MATERIALS AND METHODS 

 

2.1 LOCATIONS AND EXPERIMENTS 

Two experiments were carried out in two locations in Northern Italy. Experiment 1 (Exp. 1) was conducted at 

the experimental farm of the University of Padova in Legnaro (PD, 45°20'43N 11°57'30"E, 8 m a.s.l.) in 2004, 

while Experiment 2 (Exp. 2) was carried out in 2023 at the experimental farm of the University of Bologna 

located in Cadriano (BO, 44°55’48’’N, 11°41’31’’E, 32 a.s.l.). In the two experiments, the soil was prepared 

through tillage at 0.3 m and then harrowed before the transplanting. Pests and weeds were controlled as the 

practices of the local farmers. Cultivars adopted in the experiments (Perfectpeel, and K2206) were developed 

by Seminis (St. Louis, Missouri, US) and ISI Sementi (Fidenza, Parma, Italy), respectively. The specific 

features of the experiments are reported in Table 1 and the applied treatments are detailed below. In both 

experiments, traditional fertilization strategies were compared with the dynamic management of N guided by 

a multispectral radiometer. The Green Vegetation Index (GVI) was previously identified as the best-

performing index for assessing the N status in processing tomatoes (Gianquinto et al. 2011a), and it was 

therefore used to guide N fertilization. 

 

Table 1 Details of the experiments realized in Legnaro (PD) and Cadriano (BO). SL and SCL stand respectively for silty loam, and 

silty clay loam. 

Experiment Season Location 
Cropping 

system 
Soil Treatment Replicate Cultivar 

Multispectral 

radiometer 

1 2004 Legnaro Single row SL 5 4 Perfectpeel CropScan 

2 2023 Cadriano Single row SCL 5 4 K2206 Spectrosense 2+ 

 

2.1.1 Experiment 1 

In Exp. 1, tomato plants were transplanted on May 11, 2004 in a single row system in isolated boxes (2 x 2 x 

2 m) buried in the soil and filled with a silty loam soil. The experiment included five N management strategies, 

replicated four times (for a total of 20 isolated boxes) in a complete randomized design. Plants were spaced 1 

m between the rows and 0.3 m in the line, for a final planting density of about 30,000 plant ha-1. Phosphorus 

was applied at the rate of 150 kg P2O5 ha-1 with superphosphate (P2O5=46%), while 100 kg K2O ha-1 were 

applied to fulfill the potassium requirements with potassium sulphate (K2O=50%). Soil chemical-physical 

characteristics were as follow: pH (H2O)=7.65, EC=0.25 mS cm-1, organic matter=1.45%, total N= 0.95 g kg-

1, Assimilable P=36 mg kg-1, Exchangeable K=102 mg kg-1. Harvest occurred on August 26, 2004. 
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The applied treatments were: 

- Non-fertilized control (N0). 

- Fertilized control (N180), where solid urea was manually supplied at the rate of 180 kg N ha-1 to 

maintain the crop in non-limiting N conditions. The N fertilizer application was split in three moments 

of the growing season (60 kg N ha-1 previous to the transplanting and, two times at soil coverage by 

the crop at 60 kg N ha-1 each). N180 is used as a spy plot to derive the GVI threshold in N SPY strategy.  

- N SPY, where the N fertilizer (calcium nitrate, N=15.5%) was supplied through fertigation each time 

the sufficiency index (SI) was below 0.9 (Samborski et al. 2009). The sufficiency index was calculated 

as reported in Eq. 1:  

𝑆𝑢𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 𝑖𝑛𝑑𝑒𝑥 (𝑆𝐼) =  
𝐺𝑉𝐼𝑁 𝑆𝑃𝑌

𝐺𝑉𝐼𝑁180
      Eq. 1 

- N THR, where critical GVI threshold curves were developed along the growing degree days (GDDs) 

and adopted for guiding the N fertilization. The critical GVI curve was developed from previous plot 

scale experiments using a linear-plateau relationship with the relative yield (Gianquinto et al. 2004) 

which is further detailed in the specific section. Whenever the GVI is below the critical GVI curve 

reduced by 10%, then N fertilizer is supplied. 

- N THR15%. In this strategy, the critical GVI threshold curve developed from the fitting procedure was 

reduced by 15%. Therefore, similarly to N THR, the N fertilizer is applied whenever the GVI is below 

the critical GVI curve furtherly reduced by 10%. 

For dynamic N strategies, a starter dose of N was supplied before the transplant at 30 kg N ha-1. Then, small 

amount of N (between 10 and 25 kg N ha-1) was supplied when recommended by the spectral reading to restore 

the optimal GVI. The N rate was adapted according to the crop phenological stage, and lower N rates (10 kg 

N ha-1) were supplied until 50 days after transplant (DAT). Then, higher N rates were supplied until 65 DAT, 

when the highest LAI was reached (Tei et al. 2002), up to 25 kg N ha-1. Then a gradual reduction back to 10 

kg N ha-1 was performed during fruit ripening, when leaf senescence started occurring (Tei et al. 2002). 

 

2.1.2 Experiment 2 

In Exp. 2, tomato plants were transplanted on May 24, 2023 in experimental plots, measuring 5 x 4 m. Five N 

strategies were compared, and each strategy was replicated four times in a complete randomized design in the 

experimental field, for a total of 20 independent experimental plots. A single-row system was adopted (1 m 

between the rows and 0.36 m within the row) resulting in 27,777 plants ha-1. Superphosphate was broadcasted 

in the soil at 90 kg P2O5 ha-1, while potassium sulphate was supplied at the rate of 150 kg K2O ha-1 via 

fertigation split in three applications throughout the growing season. In this experiment, the soil was sampled 

at 0.3 m for the determination of chemical and physical characteristics. Soil chemical-physical characteristics 

were as follow: pH (H2O)=6.9, EC=0.18 mS cm-1, sand=14%, silt=49%, clay=37%, organic matter=1.4%, total 

N= 1.03 g kg-1, Assimilable P=42 mg kg-1, Exchangeable K=108 mg kg-1.  

The dynamic fertigation strategies presented until now allow the individuation of the optimal timing to supply 

N fertilizers, but few information is provided about the optimal N rate to be supplied. In dynamic N strategies, 
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the N rate to be supplied at each fertigation is calculated to provide the amount of the nutrient needed to sustain 

the growth until the next monitoring with the radiometer, typically conducted at 7-10 days intervals. The N 

rate at each fertigation was calculated considering the expected daily N uptake, which was derived after the 

computation of the N balance sheet method (Gianquinto et al. 2011b) according to Eq. 2: 

N rate (𝑘𝑔 𝑁 ℎ𝑎−1)  =  N𝑟 + N𝑙 + N𝑣– N𝑆𝑂𝑀– N𝑠– N𝑝𝑐– N𝑖𝑤    Eq. 2 

Where Nr is the crop N requirement considering the critical N uptake of 2.24 kg N t-1 of marketable yield (Tei 

et al. 2002) and 110 t ha-1 as expected yield, Nl is the N leached, Nv the N volatilized through denitrification as 

N2O, NSOM the N mineralized from soil organic matter, Ns the N present in the soil determined with laboratory 

analysis, Npc the N provided from previous crop (winter wheat) and Niw is the N supplied from the irrigation 

water. The estimated total crop N requirement according to the N balance sheet was 180 kg N ha-1. 

The daily N uptake rate was estimated by Tei et al. (2015), considering that 6% of the total N uptake (about 

11 kg N ha-1) is absorbed by the crop from 0 DAT to 28 DAT, 78% (about 140 kg N ha-1) from 29 to 77 DAT, 

and 16% from 78 to 105 DAT (about 29 kg N ha-1). The daily N uptake was, therefore, easily calculated per 

each growth stage (0.39, 2.85, and 1.07 kg N ha-1 d-1, respectively). 

Five N management strategies were tested: 

- Fertilized control (N180), where 180 kg N ha-1 (ammonium nitrate, N=34%) were supplied via 

fertigation split in 7 applications following the daily N uptake rate of processing tomato. This was 

used as a spy plot. 

- N SPY, where N fertilizers were supplied whenever the SI (see Eq. 1) resulted to be lower than 0.9.  

- N THR, where N fertilizers were supplied whenever the GVI was below the fitted threshold curve 

reduced by 10%. The GVI threshold curve adopted for Exp. 2 was different from the one adopted in 

Exp. 1, as it is specified in Section 2.3. 

- N THRN30, as for N THR but the N application rate calculated through the expected daily N uptake 

was reduced by 30% when a fertigation was recommended. 

- N SPYEVO, where N was supplied whenever the GVI monitored was below 90% of the GVI profile of 

a spy plot of the same cultivar (K2206), monitored in the same location the previous year (2022) and 

fertilized with 180 kg N ha⁻¹, just as in the well-fertilized control in the current experiment (further 

details on the experiment are available in Cerasola et al. 2023): this strategy is conceptually similar to 

N SPY but it does not need the simultaneous presence of the well-fertilized spy plot in the field. 

Therefore, it was named EVO (evolved). 

In dynamic N strategies of Exp. 2, 10 kg N ha-1 were supplied through fertigation 7 days after the transplant 

as a starter dose. In all the experiments, water soil moisture was maintained at the field capacity with drip 

irrigation through the water balance sheet method according to the guidelines proposed by the FAO Paper 56 

(Allen et al. 1998; Cerasola et al. 2022). Crop evapotranspiration was calculated through the Hargreaves-

Samani formula (Hargreaves and Samani 1985), adopting the single Kc. If one treatment needed to be fertilized 

through fertigation, the same amount of water was supplied to the other experimental treatments to ensure the 

same soil moisture. 
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2.2 SPECTRAL REFLECTANCE MONITORING 

Two different passive multispectral radiometers were used in the present study: the Multispectral Radiometer 

MSR5/87/16R (CropScan, Inc. Rochester, MN, USA) and the Spectrosense 2+ (Skye Instruments, Llandrindod 

Wells, UK), in Exp. 1 and 2, respectively. The two instruments have similar technical features, both with full-

width half maximum (FWHM) of 10 nm at p560 and p810 nm. 

The GVI used to guide the N fertilization in all the experiments was calculated as follows (Eq. 3): 

𝐺𝑉𝐼 =
𝑝810

𝑝560
    Eq. 3 

Where the p810 is the crop reflectance in the near-infrared (NIR) at 810 nm, and p560 is the crop reflectance 

in the green region at 560 nm.  

In all the experiments the GVI was monitored once or twice a week in three sampling areas of about 0.6 m2 

per each experimental plot. The measurements were carried out on sunny days with incident radiation around 

the zenith between 11.00 am and 2.00 pm, by placing the instrument at 1.80 m above the canopy (Gianquinto 

et al. 2019). 

 

2.3 THE CRITICAL THRESHOLDS OF GVI 

The critical threshold curves of GVI adopted for managing the dynamic N treatments are derived from the 

interpolation of GVI data along the GDDs. GDDs were calculated considering 8 and 30 °C as basal and 

maximum temperatures, respectively (Incrocci et al. 2020). However, the GVI threshold curve adopted in Exp. 

1 and Exp. 2 were different. In Exp. 1, the critical curve adopted was developed as indicated in Gianquinto et 

al. (2004), following a linear-plateau interpolation. Briefly, the GVI was monitored in processing tomato plants 

in a silty loam soil held in Legnaro (Padova, Italy) in 2002, and in Rosolina (Rovigo, Italy) in 2003, including 

different N rates in a complete randomized block design (further details on the experiment available in 

Gianquinto et al. 2011a). At harvest, the relative yield (Yr) was calculated as the ratio between the yield of the 

experimental plot and the maximum yield observed within the same block. Hence, the GVI was monitored at 

different moments of the growing season, and then the critical GVI (GVIc) value (i.e., the minimum value of 

GVI that maximizes the yield in that specific growth stage, Fig. 1a) was derived from a linear-plateau model 

with the relative yield, defined in Eq. 4: 

𝑌𝑟 = {
𝑎 𝐺𝑉𝐼 + 𝑏 , 𝐺𝑉𝐼 < 𝐺𝑉𝐼𝑐

𝑐                  , 𝐺𝑉𝐼 ≥ 𝐺𝑉𝐼𝑐
  Eq. 4 

Where a and b are the slope and intercept, and c is the plateau of the linear-plateau model. At each growth 

stage indicated by the GDDs, the GVIc is derived (Supplementary material S1, and S2). The so obtained GVIc 

were interpolated with the GDDs in a second-order polynomial function (Fig. 1b). 

In Exp. 2, in addition to the GVIc developed for the Exp. 1 (Fig. 1b), further GVI data were included in the 

threshold model, which were collected in processing tomato cultivation grown in a commercial farm in 

Codigoro (Ferrara, Italy 44°50’N 12°07’E, 3 m a.s.l.), thus maintained under non-limiting N status from the 

farmer. Different growing seasons (2004 and 2005), and cultivars (Jet, Precocix, and UGX 822) were included. 

The GVI data monitored under field conditions were therefore pooled with the GVIc, and the software 

CurveExpert Basic (version 2.2) was used to interpolate the data to find the best-fitting model. The Hoerl 
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model, a curve asymmetric with respect to the maximum point that fits well with the arrangement of data 

already observed in similar studies (Rajarathinam and Vetriselvi 2017; Mariotti et al. 2018), was adopted and 

described in Eq. 5:  

𝐺𝑉𝐼 = 𝑎𝑏 𝐺𝐷𝐷𝑠𝐺𝐷𝐷𝑠𝑐   Eq. 5 

Where a, b, and c are the Hoerl models’ coefficients, and GDDs are the growing degree days (Fig. 1c). 

In Exp. 2, the N SPYEVO was managed using the GVI profile along the GDDs monitored in a well-fertilized 

plot (spy plot that received 180 kg N ha-1) in an experiment realized in the previous year in the same location 

and under the same growing conditions (2022, Cerasola et al. 2023). The so obtained GVI data were 

interpolated with a Hoerl model along the GDDs (Fig. 1d). 

 

 

Fig. 5 Linear-plateau relationship between the GVI and relative yield at 932 growing degree days (GDDs) (a). The GVIc were then 

used to develop the GVIc threshold curve along GDDs (b) used in Exp. 1 (N=16). The Hoerl models adopted as GVI threshold curve 

for N THR and N THR30N treatment (c, N=124) and for N SPYEVO treatment (d, N=78) in Exp. 2 are reported. The black lines represent 

the threshold curve resulting from the fitting procedure, while the red lines represent the threshold curve reduced by 10%, used to 

trigger the fertigations. 
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2.4 YIELD DETERMINATION, PHYSIOLOGICAL MEASUREMENTS, AND EFFICIENCY INDICES 

Quantitative, qualitative, and physiological measurements were taken and resumed in Table 2. Quantitative 

and qualitative measurements were taken at the harvest that occurred 107, and 100 DAT respectively for Exp. 

1 and Exp. 2 (1450 and 1670 °C of GDDs, respectively for Exp. 1 and Exp. 2). At harvest, 8 plants per 

experimental plot were harvested in both experiments excluding border plants to mitigate the border effect. 

After the plant harvest, fruits were partitioned as indicated in Table 2 in ripe and healthy, partially ripe, green, 

sunburned, with minor or deep lesions, rotten, and with blossom end rot (BER). Total and marketable yield (t 

ha-1) were derived. 

In Exp. 2, photosynthesis measurements were taken at 67 DAT with the Li-COR 6400 (Lincoln NE, USA). 

Measurements were taken between 9.00 and 11.00 am, in one sun-exposed leaf of three plants per plot, which 

were averaged to obtain a single value per each experimental plot. Assimilation rate (A, mmol CO2 m-2 s-1), 

transpiration rate (Emm, mmol H2O m-2 s-1), and stomatal conductance (gsw, mol H2O m-2 s-1) were measured. 

Water use efficiency at leaf level (WUEL, mmol CO2 mol-1 H2O) was calculated as the ratio between the 

assimilation rate and the transpiration rate (Li et al. 2018). 

In addition to the saving of N fertilizers in dynamic strategies as compared with the well-fertilized control (% 

of N saved), the Nitrogen Use Efficiency (NUE) and fertilization costs were calculated as agronomic and 

economic performance indicators. The NUE was calculated as the ratio between the marketable yield obtained 

and the N input used (t kg-1 N). Regarding the fertilization costs, the price of urea in May 2024 (285 $ t-1) was 

derived from World Bank (2024), and the price per kg of N supplied was calculated considering the N content 

(N=46%) and converted in euros (€), resulting in 0.574 € kg-1 N. The fertilization costs were therefore 

calculated for both experiments and expressed in relation to the marketable yield (€ t-1 of marketable yield). 

 

2.5 FRUIT QUALITY AND LYCOPENE DETERMINATION 

Fruits were selected from the marketable fraction for quality traits determinations. pH and EC were monitored 

through portable meters (Hanna Instruments, Padova, Italy), as well as for Brix degree (PAL-1 Atago, Tokyo, 

Japan). Dry matter content was determined after oven drying tomato fruits at 65 °C until constant weight. 

Regarding lycopene determination, approximately 300 g of fresh fruit were randomly selected from the 

marketable yield, and were thoroughly ground with an immersion blender and frozen at -20°C until lycopene 

extraction. The extraction of lycopene and analysis protocol was adapted from Appolloni et al. (2023). An 

extracting solution consisting of n-hexane, acetone, and methanol in a 2:1:1 ratio, with the addition of 0.5% 

butylated hydroxytoluene (all from Sigma Aldrich Chemie GmbH, Steinheim, Germany), was freshly 

prepared. 4 gram of fresh tomato fruit sample was weighed into 35 mL glass vials with PTFE-lined screw caps, 

followed by the addition of 20 mL of the extracting solution. Samples were individually stirred for 60 s on a 

vortex mixer and then allowed to sit for 15 min at room temperature in the dark. Subsequently, the samples 

were centrifuged at 453 RCF for 10 min. The supernatant was collected using a Pasteur pipette and transferred 

to a 25 mL volumetric flask. The extraction process was repeated twice more with 10 mL of extracting solution 

each time. Supernatants from the second and third extractions were combined in the same 25 mL volumetric 

flask containing the first aliquot. The combined hexane supernatants were brought to a final volume of 25 mL 

with hexane, frozen at -20°C and stored until analysis. The bottom layer, containing discolored tomato tissues, 

acetone, and methanol was finally discarded. Absorbance at 503 nm was measured using a V-530 UV-VIS 

spectrophotometer (Jasco, Tokyo, Japan) against a hexane blank. Lycopene standards (Merck KGaA, 
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Darmstadt, Germany) were used to construct a calibration curve for determining the limit of quantification 

(LOQ) and the concentration linearity range, which was found to be 0.5 to 8.75 mg L-1. Tomato hexane extracts 

were hence diluted 1:20, and their absorbance at 503 nm was measured against a hexane blank. Full spectra of 

the samples were recorded beforehand to verify that the sample extract spectra were indistinguishable from 

the lycopene standard and that eventual beta-carotene extracted alongside lycopene was negligible. The 

lycopene concentration in the tomato samples was calculated as reported in Eq. 6: 

𝐿𝑦𝑐𝑜𝑝𝑒𝑛𝑒 (𝑚𝑔 𝑘𝑔−1) =
𝑥

𝑦
 ∙ 𝐴 ∙  3.12  Eq. 6 

Where x is the volume in mL, y the weight of the fruit sample, A is the absorbance at 503 nm, and 3.12 is the 

extinction coefficient. Each tomato sample was extracted in duplicate, and the results were averaged. Analyses 

were repeated if the standard error of the two replicates exceeded a repeatability standard error calculated from 

ten extractions of the same sample. 

Table 2 Quantitative, qualitative, and physiological determinations in the three experiments. 

 
Exp. 1 Exp. 2 

Quantitative measurements 
  

Fruit number X X 

Average fruit weight X X 

Healthy and ripe fruits X 
 

Sunburned fruits X 
 

Green fruits X X 

Fruits with deep lesions X 
 

Fruits with minor lesions X 
 

Rotten fruits X 
 

Fruits with BER 
 

X 

Marketable yield X X 

Total yield X X 

Harvest index 
 

X 

Qualitative measurements 
  

pH X X 

EC X 
 

Brix X X 

Dry matter content X X 

Lycopene 
 

X 

Physiological measurements 
  

Photosyntesis and transpiration 
 

X 
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2.6 GREENHOUSE GASES EMISSIONS ASSESSMENT 

An environmental assessment was conducted to quantify the greenhouse gases (GHGs) emissions related to 

the adoption of different N management strategies. First, the emissions of N2O from the soils as a consequence 

of N fertilizer application from the different N management strategies were quantified considering the 

International Panel on Climate Change (IPCC) guidelines (Hergoualc'h et al. 2019). In our assessment, only 

the direct and indirect emissions related to synthetic N fertilizers applied were considered. Drip irrigation 

system accounts for a lower N2O emission as compared with other systems (e.g., furrow, or sprinkler 

irrigation), therefore direct N2O emissions from soil after the application of N fertilizers were quantified 

specifically for drip irrigated system, as suggested by Kuang et al. (2021) and reported in Eq. 7. 

𝐷𝑖𝑟𝑒𝑐𝑡 𝑁2𝑂 (𝑘𝑔 𝑁2𝑂 ℎ𝑎−1𝑦𝑒𝑎𝑟−1) = 0.6696 + 0.001 ∙ 𝑁(1.11903 + 0.009362 ∙ 𝑁) ∙
44

28
     Eq. 7 

Where N is the amount of N fertilizers used with the different N management strategies, and 44/28 is a 

conversion factor to convert the kg N2O-N in kg N2O (Hergoulac’h et al. 2019). 

However, the N present in soil also incurs to the volatilization in form of ammonia (NH3) and NOx, and these 

gases and their products (NO3
- and NH4

+) deposit back again into soil and water (Hergoualc'h et al. 2019). 

From here, N is re-emitted in form of N2O. This indirect pathway was considered as well in the accounting 

process, and quantified as reported in Eq. 8: 

𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑁2𝑂 (𝑘𝑔 𝑁2𝑂 ℎ𝑎−1𝑦𝑒𝑎𝑟−1) = 𝑁 ∙ 𝐹𝑟𝑎𝑐𝐺𝐴𝑆𝐹 ∙ 𝐸𝐹 ∙
44

28
  Eq. 8 

Where FracGASF is the fraction of N fertilizers that volatilize as NH3 and NOx (set at 0.1), and EF is the Emission 

Factor for N2O emissions from atmospheric deposition of N on soils and water surfaces and set at 0.01 

(Hergoulac’h et al. 2019).  

Then, the total GHG emissions were calculated by converting the total N2O emissions (direct+indirect) in 

CO2eq by multiplication for the conversion factor 265 (Menegat et al. 2022). N leaching and N runoff were 

omitted, as for drip-irrigated cultivation systems they are negligible (Hergoulac’h et al. 2019). 

In addition, the CO2eq emissions associated with industrial fertilizers manufacturing (Fm) were included in 

the assessment, assuming that the best environmental-friendly technology is adopted in the production system, 

emitting 3.6 t CO2eq t-1 N produced (HESQ and Fossum 2014). The GHG intensity was calculated considering 

the ton of product as a functional unit (Ruan et al. 2024) as reported in Eq. 9: 

𝐺𝐻𝐺 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 (𝑘𝑔 𝐶𝑂2𝑒𝑞 𝑡−1𝑦𝑒𝑎𝑟−1) =
(𝐷𝑖𝑟𝑒𝑐𝑡 𝑁2𝑂+𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 𝑁2𝑂)∙265 + 𝐹𝑚

𝑌𝑖𝑒𝑙𝑑
  Eq. 9 

 

2.7 STATISTICAL ANALYSIS 

The linear-plateau models were generated with RStudio (ver. 4.2.2, packages nlstool, Baty and Delignette-

Muller 2015, and nlraa, Miguez 2022), while the quadratic interpolation (Fig. 1b) was carried out in Excel. 

For models reported in Fig 1c and 1d, the fitting procedure was supported by the CurveExpert Basic software 

(version 2.2), to select the best fitting model. Data generated from the trials were analyzed with one-way 

ANOVA in RStudio (version 4.2.2, packages car, Fox and Weisberg 2018, and emmeans, Lenth 2022), and 

normality and homoscedasticity were checked respectively with the Shapiro-Wilk and the Levene test. Tukey 

test was adopted to separate the marginal means. In case such assumptions were not met, the non-parametric 
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test Kruskall-Wallis was adopted, and the Dunn test with Bonferroni correction was used to separate the 

medians. 

 

3. RESULTS 

 

3.1 CLIMATE ALONG THE GROWING SEASONS 

The climate data monitored during the experiments are shown in Table 3. Because of the higher temperature 

observed in Exp. 2, the harvest occurred at 1674 GDDs (Table 3). The daily GDDs accumulated by the crop 

were therefore +24% higher in comparison with the daily GDDs accumulated during Exp. 1 (Table 3). Also, 

the cumulative ET0 computed along the Exp. 2 was the highest as a consequence of the higher temperatures 

monitored. The high ET0 during Exp. 2 was exacerbated by the reduced rainfalls occurred during growing 

season, which made the meteorological conditions warmer and drier as compared with the Exp. 1. 

Table 3 Climate data monitored along the experiments. GDDs stands for Growing Degree Days, while ET0 is the potential 

evapotranspiration calculated according to the Hargreaves-Samani equation. The daily GDDs were calculated considering the GDDs 

at harvest and the length of the growing season in days. 

  °C °C °C mm mm 

 
Transplant 

date 

Air temperature GDDs 

at harvest 

Daily 

GDDs 

Cumulative 

rainfall 

Cumulative 

ET0  Min Max Med 

Exp. 1 11 May 2004 15.8 27.1 21.4 1450 13.6 203 526 

Exp. 2 24 May 2023 17.7 31.2 24.5 1674 16.7 94.7 575 

 

 

3.2 IMPACT OF DYNAMIC N STRATEGIES ON TIME COURSE OF GVI, YIELD, EFFICIENCY OF N 

FERTILIZATION AND PHOTOSYNTHESIS 

In Exp. 1, the pattern of the GVI along the GDDs is shown in Fig. 2 per each N management strategy. 

Coherently with the N supply, N0 experienced the lowest GVI value during the growing season, even below 

the threshold curve, confirming its response to soil N availability. The GVI of N180 sharply increased above 

the threshold curve up to a value of 8, resulting to be the highest in comparison to the other experimental 

treatments until 900-1100 GDDs (Fig. 2), and then sharply decreased below the threshold curve in Fig. 2a. 

Whenever the GVI of N THR or N THR15% was below the respective threshold curve, the N fertilizer was 

supplied via fertigation, resulting in 5 and 3 fertigations respectively (Fig. 2a and 2b). The sufficiency index 

of the N SPY induced 5 fertigation along the growing season. Then the SI was above 1, meaning that the GVI 

of the N SPY was higher than the GVI of N180 in the last part of the growing season. The dynamic N strategies 

resulted in a lower N supply as compared with N180 (N THR15%, N THR, and N SPY supplied respectively 

60, 92 and 114 kg N ha-1), but no significant differences were detected among the marketable yield (Fig. 3a). 

Significant differences were observed in marketable yield only for the non-fertilized control, which resulted 

to be the lowest compared with the fertilized N strategies (Fig. 3a). A linear-plateau model was interpolated 

between the N supply and the marketable yield (Fig. 3a), and the critical N supply was found to be 81.6 kg N 

ha-1. Maintaining high marketable yields with a reduced application of N fertilizers significantly increased the 
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NUE in dynamic N strategies as compared with the N180 (Fig. 3b). Among the dynamic N strategies, the 

highest NUE was observed for N THR15%, while the lowest was observed for N SPY, which is consistent with 

the N saving (Fig. 3b). This positively impacted the fertilization costs, where the most cost-effective strategies 

were the N THR and N THR15% with 0.39 € t-1 of marketable yield, as compared with the fertilized control 

(N180) that reached 0.93 € t-1 of marketable yield (Fig. 3c). 

 

 

Fig. 6 Pattern of the GVI as a result of the dynamic N 

management strategies in Exp. 1. The dashed grey lines in a 

and b represent the threshold curve obtained from the fitting 

procedure, while the red lines represent the threshold used to 

trigger the N fertigation. In c, the pattern of the sufficiency 

index (SI) as a result of the management according to the N 

SPY is represented, and the red line represents the minimum 

limit of the sufficiency index to trigger the N fertigation set at 

0.9. The triangles (▲) represent an application of N through 

fertigation. The first ▲ at 0 GDDs represents the application 

of N in pre-transplant with solid urea at 30 kg N ha-1 

 

Fig. 7 Impact of different N management strategies in Exp. 1 

on marketable yield (a). Data were fitted with a linear-plateau 

model (red line), which resulted significant for p<0.05. In b, 

the effect of N management strategies on N saved and NUE is 

shown as well. The NUE of N0 treatment is not calculated. c 

represents the fertilization costs. Different letters indicate 

significant difference at ANOVA (***, p<0.001), while 

vertical bars represent the standard error 
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Fig. 8 Pattern of the GVI as a result of the dynamic N management strategies in Exp. 2. The dashed grey lines in a and b represent the 

threshold curve obtained from the fitting procedure, while the red lines represent the GVI threshold curves specific for the N THR 

strategies (a) and N SPYEVO strategy (b) reduced by 10%. In c, the red line represents the minimum limit of the sufficiency index (SI) 

to trigger the N fertilization in N SPY treatment set at 0.9. The triangles (▲) represent a fertigation of N according to the management 

strategy. 

In Exp. 2, different GVI threshold models were adopted (Fig. 4). It is worth noting that the GVI profile of 

N180 did not precisely align with the threshold model, and a slight rightward shift was observed (Fig. 4a). 

Notwithstanding, this did not deplete the performances of the N THR and N THRN30. Indeed, a reduced amount 

of N was supplied with the N THR and N THRN30 (Table 4), with four and five fertigations respectively (Fig. 

4b), as compared with the N180, and comparable yield was obtained (Table 4). Conversely, a better overlap 

of the N180 was observed with the evo model (N SPYEVO) (Fig. 4b). Similar performances were observed for 

the N SPYEVO, where 71 kg N ha-1 were supplied in four fertigations without significant yield reduction. All 

these dynamic N strategies determined the lowest N supply with savings ranging 56 to 60%, thus exhibiting 
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the highest NUE (Table 4). This is reflected also in the fertilization costs that were the lowest (Table 4). 

Reduced performances in terms of NUE were observed for the N SPY treatment in comparison with the 

formers dynamic N strategies, but still improved as compared with the fertilized control N180 (Table 4), 

confirming the same result obtained in Exp. 1 (Fig. 3b). Harvest index was not significantly affected by the N 

strategy, although the low p-value (0.08, see Supplementary material S3) may suggest that further investigation 

is still needed. Although the biomass was measured only at the harvest, the dynamic N strategies exhibited a 

visible reduced biomass as compared with N180 during the vegetative growth. 

Table 4 Impact of N dynamic management strategies on yield, N inputs, and Nitrogen Use Efficiency (NUE) of Exp. 2. Different letters 

indicate significant differences at ANOVA at p <0.001. 

  
N180 N SPY N THR N THRN30 N SPYEVO 

Marketable yield t ha-1 124a 121a 124a 106a 120a 

N applied kg ha-1 180 112 80 73 71 

N saved % 0 38 56 59 60 

NUE t kg-1 N 0.69c 1.08b 1.55a 1.45a 1.68a 

Fertilization costs € t-1 0.84a 0.59b 0.37c 0.39c 0.34c 

 

Significant differences were detected in total and marketable fruit number in both experiments (Fig. 5), where 

the lowest fruit number was observed in dynamic N strategies in both experiments (Fig. 5a, 5b). In Exp. 1, the 

lowest fruit number was observed for N0, the highest for N180, and intermediate fruit numbers were observed 

for the dynamic strategies (Fig. 5a). In Exp. 2, the highest fruit number was observed for N180, the lowest in 

N SPY, N THR and N THRN30, while N SPYEVO showed fruits number not significantly different from N180 

and neither with the former dynamic strategies (Fig. 5b). On the other side, fruit weight was increased by 

dynamic N strategies, but only in Exp. 1 (Fig. 5c). 

 

Table 5. Physiological traits monitored in Exp. 2 at 67 DAT. (*) indicate a non-normal distribution, therefore the Kruskall-Wallis test 

was used to check differences, and median is reported instead of the mean. “ns” stands for not significant. 

 
A(*) Emm gsw

(*) WUEL 

 mmol m-2 s-1 mmol m-2 s-1 mol m-2 s-1 mmol CO2mol-1 H2O 

N180 15.1 9.38 0.665 1.62 

N SPY 16.9 9.90 0.675 1.88 

N THR 16.7 9.33 0.662 1.84 

N THRN30 17.0 9.35 0.667 1.82 

N SPYEVO 16.6 9.46 0.670 1.68 

 Significance ns ns ns ns 
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Fig. 9 Effect of dynamic N strategies on fruit number (a) and fruit weight (c) in Exp. 1, and fruit number (b) in Exp. 2. The impact of 

N management strategies on fruit yield composition in Exp. 1 is shown as well (d). Different letters indicate significant differences at 

p<0.001 (***) and p <0.01 (**), while vertical and horizontal bars represent the standard error. 

In Exp. 1, dynamic N strategies did not affect green fruit incidence, deep or minor lesions, or blossom end rot 

(Supplementary material, S3). However, dynamic N strategies significantly improved the fraction of healthy 

and ripe fruits, and reduced the incidence of sunburned fruits, as compared with N180 (Fig. 5d). N THR 

accounted for the lowest incidence of rotten fruits, while the highest incidence was observed for N180. N0, N 

SPY, N THR15% showed an incidence of rotten fruits not significantly different from N180 and from N THR. 

Crop photosynthesis and transpiration parameters (Emm and gsw) at the leaf scale were not influenced by 

dynamic N management strategies (Table 5). 

 

3.3 FRUIT QUALITY 

Among the fruit quality parameters, no significant differences were detected in pH and EC of the fruit juice, 

and neither was dry matter content (Supplementary material, S4). In Exp. 2, lycopene ranged 96 to 122 mg kg-

1 fresh weight, but no significant difference was detected (p=0.09). However, the soluble solids content (°Brix) 

was affected by experimental treatments in Exp. 2, as it was the highest in dynamic N strategies as compared 

with the N180 control (Fig. 6). Among the dynamic N strategies, N SPYEVO, N THR, and N THRN30 were the 

best performing strategies for sugar accumulation in fruits (+10.4% as compared with N180), while N SPY 

yielded a lower value of °Brix among the dynamic strategies, but still higher as compared with N180 (Fig. 6). 
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Figure 6 °Brix as affected by the dynamic N management strategies. Different letters indicate significant difference at p<0.01 (**), 

vertical bars represent the standard error. 

 

3.4 GREENHOUSE GASES EMISSIONS 

GHG emissions intensity were calculated per t of product as a functional unit and were significantly affected 

by the N strategies in both experiments (Fig. 7), where the highest GHG emissions intensity were observed for 

N180. In Exp. 1, the lowest GHG emissions were observed, as expected, for N0, while N THR, N THR15%, 

and N SPY were all significantly different from N180 (Fig. 7a). Furthermore, non-significant differences were 

observed between N THR15% and the non-fertilized control N0. In Exp. 2, N THR, N THRN30 and N SPYEVO 

were the most efficient dynamic N strategies in terms of GHG emissions, while higher emissions were 

estimated for N SPY, but still lower than the fertilized control (Fig. 7b). The highest impact in emissions 

associated to N fertilization is observed for the manufacturing stage (54% of total GHG emission), and direct 

N2O emissions (41% of total GHG emissions). On average, the dynamic N management strategies reduced the 

GHG intensity by about 46% in Exp. 1, and 44% in Exp. 2 in comparison with the fertilized control.  

 

Fig. 7 Greenhouse gases (GHG) emissions associated with the N fertilization of the different N management strategies in Exp. 1 (a) 

and Exp. 2 (b). Different letters indicate significant differences at p<0.001 (***), vertical bars represent standard errors. 
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4. DISCUSSION 

4.1 IMPACT OF DYNAMIC N STRATEGIES ON FERTILIZATION EFFICIENCY, PHYSIOLOGY AND YIELD 

The frequent overuse of N fertilizers is among the main reasons of the tomato environmental burden at the 

cultivation stage (Ronga et al. 2019a), and developing new strategies aimed at optimizing N fertilizers supply 

is, therefore, of pivotal importance. The European Farm to Fork Strategy (European Commission 2020) aims 

at reducing by 20% the use of fertilizers by 2030. In the present study, we demonstrated that dynamic N 

strategy using multispectral reflectance sensors allowed for a significant saving in N fertilizer supply by 37 to 

60% (a reduction in measure of 68 to 120 kg N ha-1, see Fig. 3b and Table 4) in comparison with the control 

fertilization level (180 kg N ha-1), well above the target objective of EU. Coherently with our findings, dynamic 

N strategies were effective in reducing N fertilizers in cantaloupe by 17-66% (Gianquinto et al. 2010) and in 

tutored tomato by 25-44% (Oliveira et al. 2019) using the spy plot strategy, and in potato by 37-58% using 

SPAD threshold values (Gianquinto et al. 2001). In Exp. 1, a linear-plateau regression model was developed 

between the N supply of the different management strategies and the yield response, revealing an optimal N 

supply at around 80 kg N ha-1 (Fig. 3a). This is significantly lower if compared with the optimal N rate 

suggested by former authors in drip fertigated processing tomatoes in a Mediterranean environment, ranging 

160 to 200 kg ha-1 (Erdal et al. 2006; Ronga et al. 2019b; Hartz and Bottom 2009). The N THR strategies (N 

THR, N THR15%, N THRN30) and N SPYEVO supplied an amount of N fertilizers between 60 and 90 kg ha-1 (75 

kg N ha-1 on average), close to the optimal N dose (Fig. 3a, Table 4), meaning that these strategies are effective 

in maintaining the crop within the optimal N status avoiding yield losses (Gianquinto et al. 2001), and overall 

maximizing the NUE. N SPY strategy supplied the highest amount of N fertilizer among dynamic treatments, 

around 115 kg N ha-1 in both experiments, but still lower than the fertilized control N180 (Fig. 3a, Table 4). 

Although the N SPY strategy significantly improved the NUE (Gianquinto et al. 2010), it was less efficient 

among the dynamic N strategies (Fig. 3b, Table 4). Using an over-fertilized control (N180) as a reference to 

trigger N fertilization could have led to supply N when it was not required by the crop. Therefore, reducing 

the threshold of the sufficiency index from 0.90 (as adopted in this work) to 0.80-0.85 to trigger N fertilization 

may further optimize the N SPY strategy. Notwithstanding, the adoption of N SPY strategy in field conditions 

is limited by logistical constraints, e.g. splitting the irrigation system into two independent modules, or 

identifying a representative window of the field (Gianquinto et al. 2004). Adopting absolute threshold GVI 

values (eg., Fig. 1b, 1c, 1d) would solve this issue, and their adoption by farmers could be more easily 

quickened. In economic terms, dynamic N management strategies (N THR strategies, and N SPYEVO) allowed 

to reduce the fertilizers costs per t of marketable yield by around 57% without yield losses (Table 4), which is 

of utmost significance considering that the prices of urea are heavily affected by the geopolitical scenario 

(Valenzuela 2024), reaching the maximum peak in April 2022 at 0.85 € kg-1 (recalculated from World Bank 

2024). However, a more detailed economic analysis should be carried out considering not only the savings in 

N fertilizers use, but also the technology adopted (e.g., time taken for the monitoring, and amortization of the 

costs of the reflectance sensor). If open-access satellites are used (e.g., Sentinel 2, with spatial resolution 10 m 

x 10 m for the monitoring of GVI), then the costs of the technology can be minimized. 

In Exp. 1, the N rate to be supplied in dynamic management was not based on strict criteria, and only a small 

amount of N was supplied whenever the GVI fell below the reference value of the respective management 

strategy (ranging 10-25 kg N ha-1, based on crop phenological stage). In Exp. 2, the N rate to be supplied was 

based on the N balance computation, providing a better theoretical framework to support the definition of the 

N rate. Here, a reduction of 30% of the computed N rate was included in the N THRN30 strategy to validate the 
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effectiveness of this approach in defining the optimal N rate. The N THRN30 strategy reduced the total N supply 

of the negligible amount of 7 kg N ha-1 as compared with the N THR strategy (Table 4), requiring a major 

number of fertigations (five vs four of N THR). This evidence suggests that reducing by 30% the N supply in 

the N THR strategy would lead more frequently to N deficiency conditions, inducing to more frequent N 

supply without significant N saving in comparison to N THR. Therefore, defining the N rate based on the 

integration of N balance computation with the dynamic N strategies is a suitable approach for processing 

tomatoes. However, some limitations need to be highlighted when the N balance is adopted. First, its 

computation relies on the estimation of the expected yield that will be obtained at the harvest, which is a matter 

of wide debate among the scientific community (Ravier et al. 2016). Secondly, the difficulties in estimating 

the parameters needed to compute the N balance (eg., N mineralization, N leaching, crop N uptake, and so 

forth) made it an obsolete tool according to Ravier et al. (2016). Innovative approaches are therefore needed 

to compute the N rate, based on the integration of crop models with reflectance (see Li et al. 2022a and Houles 

et al. 2007 for details). 

Also, it is worthwhile to note that the pattern of the GVI of N180 in Exp. 2 did not fully overlap with the THR 

model, especially in the first stages of the growing season (Fig. 4b). In Exp. 2, a different cultivar was adopted 

than those used to develop the THR model, therefore we hypothesize the presence of cultivar effects (Pinter et 

al. 1985). In contrast, the threshold model N SPYEVO, which used the same cultivar for both the model 

development and validation in this experiment, demonstrated better overlap, further supporting our hypothesis 

on the possible presence of the cultivar effect. Despite this, the N THR strategy of Exp. 2 succeeded in reducing 

the N fertilizers inputs even under the assumption of the presence of cultivar effect, and can be, therefore, 

considered as a flexible model for optimizing N fertilization in different cultivars of processing tomato. 

However, developing linear-plateau model adopted in N THR treatments is particularly time-consuming, as it 

requires the implementation of experimental design along different growing seasons and locations to build the 

model. Furthermore, the impact of further cropping conditions needs to be explored (e.g., soil type, residues 

of previous crop incorporation to the soil, and so forth). Nowadays, satellites are widespread in crop reflectance 

monitoring, and the reflectance of past growing seasons can be easily obtained. Ideally, farmers aided by 

agronomists and technicians could monitor the reflectance of their fields in the past years which are assumed 

to be under non-limiting N conditions. The so obtained curve of the GVI over the GDDs could be used as a 

location-specific model, and even a cultivar-specific, as it was done for N SPYEVO. However, we are aware of 

the strong limitation of the N SPYEVO model developed in our experiment (Fig. 1d), as it was built considering 

only one growing season. Indeed, the pattern of vegetation indices may change across different growing 

seasons, although in our experiment the GVI profile of N180 in Exp. 2 overlapped to threshold model EVO 

(Fig. 4b), suggesting for a possible stability along multiple growing seasons. Using the GDDs as a timescale 

unit instead of the DAT can have allowed the temporal transferability of the GVI pattern, as already 

demonstrated by former authors (Li et al. 2022b). However, due to the limited data available, we recommend 

to further analyze this topic monitoring the GVI profile along GDDs in different growing seasons in the same 

location. Alternative timescales, such as the cumulative potential evapotranspiration ET0 (González-Gómez et 

al. 2018), could be tested as well. 

Tomatoes physiology was not affected by dynamic N fertilization (Table 5), although a lower N rate was 

supplied as compared with N180. This is in contrast with the literature, where higher N supply is commonly 

associated with higher photosynthesis (Cechin and de Fátima Fumis 2004; Kull 2002) because of the key role 

of N in the photosynthetic enzyme Rubisco (Schulze et al. 1994). Also, reduced instantaneous transpiration 
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and WUEL were observed in crops under N deficiency (Zhou et al. 2020). This is a further confirmation that 

dynamic N management strategies do not limit the crop performances, in agronomic terms, nor the 

physiological aspects, as tomatoes were maintained under optimal N status by matching the N supply with the 

crop N requirements. 

Considering the yield composition, dynamic N strategies reduced the total and marketable fruit number per 

plants in Exp. 1 and Exp. 2 (Fig. 5a, and 5b). Conversely, the average marketable fruit weight was increased 

in Exp. 1 (Fig. 5c). Coherently to our finding, in Gianquinto et al. (2010) an increase in fruit size in cantaloupe 

under dynamic N fertilization was observed. Furthermore, dynamic N strategies increased the percentage of 

healthy and ripe fruits and reduced the incidence of sunburned and rotten fruits (Fig. 5d), as similarly observed 

by Ronga et al. (2020), possibly as a cause of lower nutritional disorders. Although no significant effect was 

observed in different quality parameters (EC, pH, dry matter content, and lycopene Supplementary material 

S4), dynamic N strategies improved the sugar accumulation in fruits (°Brix) in Exp. 2 (Fig. 6), as already 

reported for cantaloupe by Gianquinto et al. 2010. In tomatoes, moderate N fertilization can result in increased 

sugar accumulation in fruits as compared with high N fertilization (Ronga et al. 2020; Parisi et al. 2004), 

associated with a lower demand for carbon skeleton for amino acid and protein biosynthesis (Wingler et al. 

2006). Therefore, reducing N inputs up to the minimum critical rate through dynamic N fertigation enabled us 

to maintain the same yield level without worsening the overall quality of the fruit, and in some cases improving 

it (e.g., °Brix). 

 

4.2 GHGS EMISSIONS ANALYSIS 

Nitrous oxide (N2O) stands among the major GHGs in the agricultural sector (Balafoutis et al. 2017). 

Originating from the microbial denitrification of the NO3
- in soil (Balafoutis et al. 2017), N2O is responsible 

for 58.6% of the total emissions associated to N fertilizers (Menegat et al. 2022). In the cultivation stage of 

processing tomato, total GHG emissions per t of product were quantified by Ronga et al. (2019a) in 55.16 kg 

CO2eq t-1. In particular, the manufacturing of N fertilizers and field emissions of N2O by N fertilizers represent 

23% of the GHG emissions (12.7 kg CO2eq t-1, Ronga et al. 2019a). In our analysis, the GHG emissions 

associated with the N2O volatilization, atmospheric deposition (indirect emissions), and N fertilizers 

manufacturing in the fertilized control accounted for slightly lower values (9.5 kg CO2eq t-1). In our assessment, 

the emission of N2O following the N application was calculated considering the specific equation developed 

for drip-irrigation systems (Kuang et al. 2021). Kuang et al. (2021) have clarified that drip irrigation systems 

determine a restricted amount of N2O volatilization, therefore resulting in a lower emission factor than the 

commonly adopted emission factor proposed by the IPCC guidelines. Furthermore, we did not account for the 

N leaching and for N runoff in indirect emissions, as when drip-irrigation systems are used they can be omitted 

(Hergoulac’h et al. 2019). Adopting dynamic N management strategies, the GHG emissions intensity 

associated with N fertilization can be significantly reduced by about 45% (Fig. 7). Recently, Ruan et al. (2024) 

showed that precision N management can reduce the GHG intensity in winter wheat up to 38% in China. This 

is of utmost importance considering that N fertilizers contribute for 11-13% on total agricultural GHGs 

emissions (Menegat et al. 2022; FAO 2020). However, we highlight that further assessments are needed to 

consider also the GHG emissions associated with the reflectance sensor production, which voluntarily were 

not considered in our assessment. 
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5. CONCLUSIONS 

The present study clearly shows how dynamic N management strategies based on multispectral reflectance 

monitoring can help growers in significantly reduce the amount of N fertilizers (by 37-60%) applied in 

processing tomatoes cultivation, also fostering the objective to reduce by 20% fertilizer use, as set by the 

European Farm to Fork Strategy. Not only dynamic N strategies maintain the crop productivity and the same 

physiological behavior (photosynthesis and transpiration), increase the NUE, and significantly reduce the GHG 

emissions per t of product, but also enhanced the total soluble solids in the fruits (°Brix) and optimize the 

fertilization costs by 55%. However, although no significant differences were detected in biomass at harvest, 

a visible difference was observed during the cultivation, thus we recommend to collect biomass data along the 

crop growth under dynamic fertilization. The absolute threshold values of GVI (e.g., N THR) are an easy tool 

to guide N fertigation, overcoming the logistical limitation associated with the use of a well-fertilized spy plot 

in the field (e.g., including the implementation of an independent irrigation system), and even improving the 

performances in terms of NUE and GHG emissions. In this regard, developing specific models for cultivar, 

location, or cultural conditions, might require a large effort dedicated to experimental set up replicated in 

different growing seasons, which could slow down the development, and thus the adoption of precision N 

management models. The N SPYEVO aimed at addressing such issue by adopting the GVI monitored in a well-

fertilized spy plot the previous year. This could be replicated by monitoring the location-specific reflectance 

in previous years using satellites. Despite the optimal performances and the inherent simplicity associated with 

the N SPYEVO management, the stability of the GVI profile along the GDDs should be checked over multiple 

growing seasons. Seeds companies use to test new cultivars in field trials under farming conditions, usually in 

different locations and growing seasons. Monitoring the optimal GVI curve of each cultivar can be an added 

value for the marketing strategies of breeders and seed companies that propose the new cultivar in the market, 

and might stimulate the adoption of dynamic fertigation by farmers. Finally, the integration of the N balance 

computation with dynamic N strategies was validated as a quick tool to calculate the optimal N rate to be 

supplied when fertigation is recommended by the dynamic N management strategy. Despite this, relying on 

the estimation of the crop yield to compute the N balance might worsen the accuracy of the estimate of the N 

rate. Therefore, an alternative estimation method based on speaking-plants approaches to define the optimal N 

rate should be considered for future improvements. Based on the positive productive, qualitative, and 

environmental performances of the dynamic N management strategies that emerged from this study, scaling 

these strategies to open-field farms with the adoption of alternative airborne sensors (drones and satellites) 

deserves the attention of further research. Hence, the coherence of the vegetation index monitored with 

proximal sensors and remote sensors should be checked before adopting the models proposed in this work, 

also in consideration of different growing conditions, e.g., in single row or double row cropping system, typical 

of processing tomato production in Northern Italy. 
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S2 Linear plateau relationship between the GVI and the relative yield developed in 2003 in Rosolina (Rovigo, Italy) 
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S3 ANOVA table of quantitative data monitored at harvest. When “-“ is present in the Sum of Square (SS) cell, the Kruskal-Wallis test 

was performed, and the Chi-square (X2) value is reported instead of the F-value. SE stands for Standard Error, Mkt for Marketable. ns 

stands for not significant, * p<0.05, ** p<0.01, and *** p<0.001. Empty cells mean that the respective measurement was not monitored 
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S4 ANOVA table of qualitative and physiologic data monitored at harvest. When “-“ is present in the Sum of Square (SS) cell, the 

Kruskal-Wallis test was performed, and the Chi-square value is reported instead of the F-value. SE stands for Standard Error, Mkt for 

Marketable. Empty cells mean that the respective measurement was not monitored. A stands for net photosynthesis, Emm for 

transpiration, gsw for stomatal conductance, and WUE for water use efficiency at leaf level, ns not significant, and  ** p<0.01. Empty 

cells mean that the respective measurement was not monitored 

  pH EC Brix Dry 

matter 

Lycopene A Emm gsw WUEL 

 F or X2 value 4.571 2.04 1.348 0.453      

 p value 0.339 0.140 0.298 0.769      

Exp.1 SS - 0.894 1.408 0.053      

 SE  0.166 0.256 0.085      

 Significativity ns ns ns ns      

 F or X2 value 0.400  5.49 2.197 2.441 7.072 1.550 1.314 1.882 

 p value 0.805  0.006 0.119 0.092 0.132 0.239 0.859 0.166 

Exp. 2 SS 0.010  0.636 1.036 1568 - 0.898 - 0.205 

 SE 0.040  0.008 0.179 6.34  0.190  0.0825 

 Significativity ns  ** ns ns ns ns ns ns 
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Chapter 4 

 

MODELING THE CANOPY REFLECTANCE TO PREDICT TOMATO BIOMASS FOR 

PRECISION N MANAGEMENT 
 

Cerasola, V. A., Di Marco, A., Pennisi, G., Orsini, F., Bona, S., & Gianquinto, G. (2023a). Modeling the canopy reflectance to predict 

tomato biomass for precision nitrogen management. In Precision agriculture’23 (pp. 1051-1057). Wageningen Academic Publishers. 

 

PREMISE 

The previous chapter assessed the N balance sheet method as a suitable and simple method to define the 

optimal N rate. However, it is the object of wide debate in the scientific literature, as it is considered as an 

obsolete tool. The ideal approach to define the optimal N rate should be based on crop models such as the 

critical nitrogen uptake curve. Utilizing the crop reflectance to accurately estimate the crop biophysical 

variables that are necessary to initialize the critical curve (biomass and N uptake) is, therefore, the first 

challenge. Multiple regression approaches, with different degrees of complexity, can be adopted. In the present 

chapter, the simple linear regression was used to estimate the aboveground biomass from simple vegetation 

indices and its suitability for dynamic N fertigation was evaluated. 

 

Abstract - Biomass is strictly related to nitrogen (N) status, and its non-destructive estimation can be of interest 

to precision N management. Some spectral vegetation indices (SVIs) were monitored at five growth stages 

under different N rates to assess if canopy reflectance can be used to estimate tomato biomass. Given that 

linear relationships between SVI and biomass are calibrated only at the specific growth stage, a new approach 

for biomass estimation across the entire growing cycle is proposed. The slopes and intercepts of linear 

relationships between NDRE (Normalized Difference on Red Edge vegetation index) and biomass were 

retrieved as a function of the growing degree days (GDDs), making the estimation of biomass feasible across 

the entire growing season. However, because of the poor reliability observed during the early and late stages 

of the life cycle, the dynamic adoption of different SVIs at the single growth stages is recommended. 

Keywords: proximal sensing, biomass estimation, dynamic nitrogen management, processing tomato. 

 

1. INTRODUCTION 

The efficient use of nitrogen (N) is a prerogative essential in agricultural systems. Given it is well known that 

N is one of the most important elements for plant development capable to ensure high yield, an overuse of N 

fertilization is often experienced by most farmers (Tei et al., 2020). Furthermore, unnecessary N supply can 

lead to the eutrophication of water bodies and their deoxygenation, especially if associated with large irrigation 

volumes (Padilla et al., 2020). To optimize the N use efficiency, N fertilizer should be supplied during the 

growing season according to the actual crop requirement to avoid yield losses (Gianquinto et al., 2011a). This 

strategy is called “dynamic optimization of nitrogen supply” (DONS) (Vos and Struik, 1992), and its adoption 

is particularly suitable in vegetable crops production, given that N can be supplied with fertigation also in the 

advanced crop stage at low rates. However, the proper adoption of DONS is constrained to the prompt and 



 

67 
 

accurate assessment of the N status of the crop (Gianquinto et al., 2011a), which can be evaluated by 

monitoring the canopy reflectance (Padilla et al., 2020). Different Spectral Vegetation Indices (SVIs) are 

usually calculated from raw canopy reflectance in bands both in visible and Near Infra-Red (NIR) regions. 

Different SVIs have been shown to be related to N content in leaves, biomass, and yield, including the 

Normalized Difference Vegetation Index (NDVI), Red Vegetation Index (RVI), Green Normalized Difference 

Vegetation Index (GNDVI), Green Vegetation Index (GVI) (Gianquinto et al., 2011b). The main problem in 

using these indices is that once they are monitored, threshold values of the SVI below which the crop is N 

deficient should be defined. Different approaches for identifying threshold values have been developed. For 

instance, Padilla et al. (2015) reported the threshold value of SVIs for fertigated greenhouse tomatoes for 

optimal N nutrition, relating the Nitrogen Nutrition Index (NNI) with some SVIs. Although this approach 

allows for identifying the optimal moment to supply N, no information is provided regarding the optimal 

quantity of N. In this regard, Gianquinto et al. (2004) proposed a different approach based on the adoption of 

a linear- plateau model to define the threshold value of the chlorophyll-meter SPAD (Soil Plant Analysis 

Development), relating the values of the instrument with the relative yield reached by the crop at the harvest. 

The yield losses associated with the value below the threshold can be used to calculate the N rate to be supplied, 

integrating into the calculus also the mean N uptake by the crop, and the maximum potential yield (Raun et 

al., 2005). However, by adopting this approach an approximation of the maximum potential yield must be 

obtained and this is affected by the season or environmental factors (Garcia and Barret, 2006). To overcome 

the aforementioned issue, an alternative approach based on the critical N dilution curves is proposed to define 

the optimal N rate (Houlès et al., 2007). The critical N curve relates the actual biomass produced by the crop 

with the minimum N concentration needed to maximize biomass production. The simultaneous monitoring of 

actual crop biomass and N concentration would allow the definition of the actual crop N status. Then, the rate 

of N to be supplied can be easily calculated when the actual N concentration is below the N critical value for 

a given biomass level (Houlès et al., 2007). Although this approach is time-consuming and unfeasible because 

of the need for destructive samplings, it could be feasible only with a non-destructive estimation of biomass 

and N concentration by SVIs. This paper aims to identify the best SVI for easy estimation of the biomass in 

processing tomato cultivation monitored with a passive reflectance sensor. 

 

1. MATERIALS AND METHODS 

The experiment was set up in the summer 2022 at the University of Bologna experimental farm in Cadriano, 

Italy. Processing tomato (Solanum lycopersicum L.) was transplanted in a single-row cropping system at 

27,000 plants ha-1 . Four N treatments were supplied with three replicates in a randomized block design, 

consisting of different percentages (0, 20, 60, and 100%) of total crop N requirement (N0, N20, N60, N100). 

Ammonium nitrate was supplied through fertigation split at 6 times, following the crop N absorption rate. 

During the first 28 days after transplant (DAT) the N uptake was 6% of the total N requirement; from 29 to 77 

DAT the N uptake was 78% of the total N requirement; from 78 to 105 DAT the N uptake was 16% of total N 

(Francesco Tei, personal communication). The total N crop requirement was calculated through the balance 

sheet method (Gianquinto et al., 2011a) using the critical N uptake of 2.24 kg N t-1 (Tei et al., 2002). Crop 

water requirements were satisfied with drip irrigation according to the water balance sheet method, maintaining 

the soil water moisture at the field capacity as proposed by Cerasola et al. (2022). The computation of ETc 

adopted the single Kc method, and the ET0 was estimated through the Hargreaves-Samani equation (Allen et 

al., 1998). P2O5 was applied before transplant at 85 kg ha-1 , while a starter dose of K2O was supplied through 



 

68 
 

fertigation at 20 kg ha-1 . The crop was transplanted on a loamy-clay soil with the following main 

characteristics: pH=7.1, Total lime (CaCO3) =18 g kg-1 , Electrical conductivity=0.07 mS cm-1 , Organic 

Matter=1.43%, Total N=0.9 g kg-1 , Assimilable P=50 mg kg-1 , Exchangeable K=171 mg kg-1 , Cation 

Exchange Capacity= 10.8 cmol kg-1 . Two plants per plot were sampled at 264, 386, 598, 859, and 1125 

growing degree days °C (GDDs) for total above-ground biomass (AGB) determination. GDDs were calculated 

according to Scholberg et al. (2000), using 30 and 10 °C as Tmax and Tbasal, respectively. The phenology 

was monitored according to the BBCH scale (Bleiholder et al., 2001): the five sampling stages corresponded 

to the BBCH 18/601, 509/603/701, 71/703, 73/703, 705, henceforth shorted in T1, T2, T3, T4, and T5. Before 

sampling, the reflectance of each plant was monitored with a hand-held multispectral radiometer (Spectrosense 

2+, Skye, UK) in the band of green (560 nm), red (660 nm), red-edge (710 nm), and NIR (810 nm). Three 

simple ratio indices (GVI=NIR/Green, RVI=NIR/Red, and NIR/710) and three normalized difference 

vegetation indices were calculated on the green, red, and red-edge bands, respectively (G-NDVI, NDVI, 

NDRE). Linear regression analysis was performed with R software (4.2.0 version). First, the linear 

relationships between the SVIs and AGB were identified at each sampling time. Then, the slopes and the 

intercepts of such linear models were analyzed to assess if they can be predicted as a function of the growing 

stage, thus allowing AGB estimation across the entire growing season. Therefore, per each SVI, the slopes and 

intercepts at the different sampling times were related to the GDDs in linear models. The log-log 

transformation was performed to convert power or exponential models into linear relationships. 

  

2. RESULTS  

Significant linear relationships (p < 0.05) were observed between the AGB and the different SVIs included 

in the analysis at the different sampling times (Table 1). The relationship was not significant (ns) for any 

SVI at sampling time T4, which corresponded to the enlargement of the third fruit cluster. The harmonic 

mean of R 2 was calculated across the growing season, and it ranged between 0.37 and 0.44, depending on 

the SVI considered (Table 1). The lowest mean R 2 was observed for NIR/710, NDRE, G-NDVI, and GVI 

(0.33-0.37), while the highest value was for RVI and NDVI respectively 0.43 and 0.44. Despite this, the R 

2 changed across the sampling time with a different pattern according to the SVI considered. For GVI and 

G-NDVI, the values of R2 were almost constant across the growing season, except for the sampling time 

T2 where the lowest value was observed for both the indices (but still significant). Considering the other 

indices based on red and red-edge wavelengths, the pattern of R 2 across the growing season was similar. 

The AGB predictability was lower during the early and late growing stages (T1 and T5), especially for 

NDRE and NIR/710 which underperformed as compared with NDVI and RVI (Table 1). Nonetheless, the 

R2 reached the highest value at the sampling time T2, especially for NIR/710 and NDRE which 

outperformed all the other SVIs under assessment (R2=0.80). Although the slopes and the intercepts of the 

linear equations between SVIs and AGB changed according to the sampling time, they followed a 

predictable pattern for NDRE-AGB relationships (Figure 1). Given that the linear equations between the 

SVIs-AGB were not significant at the sampling time T4, the relative slope and intercept were not included 

in the analysis. 
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Table 1. Slope (a) and intercept (b) of the linear relationships between SVIs and AGB at different sampling times (Tn). The 

harmonic mean of the R2 is also reported. 

 
Vegetation 

Index 

 T1 T2 T3 T4 T5 Mean 

R2 GDDs 264 386 598 859 112 

 a 32.60 63.10 112.5  958.2  

GVI b -34.30 13.73 273.1  433.2  

 R2 0.43 0.26 0.47  0.39 0.37 

  *** * *** ns ***  

 a 163.6 633.8 2006  16536  

G-NDVI b -23.11 -114.4 -450.4  -5650  

 R2 0.45 0.29 0.37  0.38 0.36 

  *** ** ** ns **  

 a 26.29 48.64 50.63  369.1  

RVI b -16.62 27.19 352.8  2094  

 R2 0.37 0.63 0.56  0.30 0.43 

  ** *** *** ns **  

 a 1123 535.4 2913  18852  

NDVI b -4.488 -88.10 -1458  -9486  

 R2 0.38 0.63 0.46  0.35 0.44 

  ** *** *** ns **  

 a 50.52 259.2 678.7  3692  

NIR/710 b -33.94 -297.1 -733  -2895  

 R2 0.20 0.81 0.54  0.24 0.33 

  * *** *** ns *  

 a 159.3 1126 3965  19097  

NDRE b 10.46 -149.9 -721.7  -1889  

 R2 0.22 0.80 0.53  0.24 0.34 

  * *** *** ns *  

 

 

 

Figure 1. Linear models to predict the logarithm of slope (left) and the intercept (right) of linear relationships between NDRE 

and AGB according to the Growing Degree Days (GDDs) °C. 
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Figure 2. Linear relationships between NDRE and Fresh Weight (FW) of Above-Ground Biomass (g plant-1 FW) at 264 (T1), 

386 (T2), 598 (T3), 859 (T4), and 1125 (T5) Growing Degree Days °C. n=24. 

 

3. DISCUSSION 

The accurate monitoring of N is a common issue in precision N management, to promptly supply the 

optimal N rate. The biomass is an essential parameter that needs to be estimated in conjunction to plant 

N concentration, to easily calculate both the NNI and the N uptake, thus deriving the N rate to be supplied 

as shown by former literature (Houlès et al., 2007). 

The present work shows that the adoption of simple linear regression analysis can be useful for estimating 

the AGB of processing tomatoes through the monitoring of different vegetation indices at different 

growing stages (Figure 2), but the strength of the regression models (R2) is not stable and changed across 

the growing season depending on the vegetation index adopted (Table 1).  

Several authors proposed a variety of models for the estimation of N status and optimal N rate in cereal 

crops, but these models work only for the most critical phenological stages for N fertilization (Raun et 

al., 2005). Although this approach is useful for cereal crops where the N is mainly applied with a 

mechanical fertilizer spreader, it is less efficient in vegetable crops where the N fertilizers are usually 

supplied with fertigation, and can potentially be supplied at any moment of the growing season according 

to the crop N uptake (Incrocci et al., 2017). Moreover, the availability of open access platforms and 

satellites (i.e. Sentinel 2+) makes it possible for the automatic multi-temporal monitoring of different 

vegetation indices (Psiroukis et al., 2022) during the growing seasons of the plants. Therefore, models 

addressed to N-status monitoring in vegetable crops should consider also the factor time, to promptly 

fertigate when needed (Padilla et al., 2018). 
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As it is possible to see in Figure 2, a unique linear model cannot be adopted for the AGB estimation given 

that the slope and the intercept change across the growing season as highlighted by Padilla et al. (2015). 

However, it is possible to note the significant relationship between the parameters of the NDRE-AGB 

linear models (slope and intercept) as a function of GDDs, thus making it potentially feasible to estimate 

the AGB also during the intermediate growth stages (Figure 1). Nonetheless, the coefficient of 

determination in NDRE-AGB relationships at early (T1) and late (T5) growth stages was too weak to 

allow the proper estimation of the AGB (R2=0.20-0.24). The T1 stage and T5 stage corresponded 

respectively to the 8th leaf stage (BBCH 18) and enlargement of the 5th fruit cluster (BBCH 705), two 

stages where N uptake is important (Bodale et al., 2021; Wang and Xing, 2017). The saturation of the 

vegetation indices in highly dense vegetation is a common issue in remote sensing widely reported in 

former literature (Tubaña et al., 2011). Thus, the weak correlation observed at T5 may be ascribed to the 

NDRE saturation due to the dense biomass reached by the crop, as previously observed also by Tubaña 

et al. (2011). The reliable estimation of biomass by monitoring the NDRE across the whole growing 

season appears to be challenging by adopting the approach here proposed. Therefore, the assessment of 

N status by estimation of biomass at single critical phenological stages could still be preferred (Padilla et 

al., 2018). In this regard, the dynamic adoption of different vegetation indices could improve the 

monitoring of biomass, enhancing the harmonic mean of R2 across the sampling times up to 0.51. At the 

very early and late growth stages (BBCH 18 and 705) the vegetation indices based on green wavelength 

were revealed to be the most proper ones (GVI or G-NDVI), while the NDRE is the most suitable index 

to be adopted in the intermediate growth stages (Table 1). Nonetheless, it should be noted that the 

equations here proposed for the biomass estimation were developed on a single location during one 

growing season. New trials are needed to validate the regression models in further growing seasons and 

sites, including also different cultivars, before they are adopted on commercial farms. Furthermore, 

additional statistical procedures need to be performed to allow reliable AGB estimation during the whole 

growing season, including the early and late growth stages. 

 

4. CONCLUSIONS 

The present work shows that significant relationships between AGB and different SVIs exist at different 

growth stages, and an alternative approach for the estimation of biomass during the whole growing season 

is here proposed: the slopes and the intercepts of the linear relationships between NDRE and AGB at the 

different growth stages were significantly correlated with the GDDs, meaning that the biomass could be 

estimated also during intermediate growth stages. However, the estimation of AGB throughout the 

growing season remains challenging by adopting only simple linear regression with a single vegetation 

index because of the weak relationships between NDRE and AGB at the early and late growth stages. 

Therefore, the approach based on the estimation of biomass during the critical growth stages could be 

more recommended. In this regardthe dynamic adoption of different SVIs across the growth stages can 

improve the estimation of the biomass in processing tomatoes: at the early and late growth stages, GVI 

or G-NDVI are the most proper indices to be used, while NDRE should be adopted only during the 

intermediate growth stages. The adoption of these regression models in commercial farms requires further 

validation trials for new years and locations as well as the effect of cultivars needs to be investigated.  
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Chapter 5 

 

HYBRIDIZATION OF VEGETATION INDEX WITH AGROCLIMATIC DATA TO 

IMPROVE BIOMASS ESTIMATION IN TOMATO FOR PRECISION N 

MANAGEMENT 
 

Cerasola, V. A., Pennisi, G., Orsini, F., Bona, S., & Gianquinto, G. (2023b, November). Hybridization of Vegetation Index With 

Agroclimatic Data to Improve Biomass Estimation in Tomato for Precision N Management. In 2023 IEEE International Workshop 

on Metrology for Agriculture and Forestry (MetroAgriFor) (pp. 86-91). IEEE. 

 

PREMISE 

Linear regression with simple vegetation indices yielded poor estimation performances for being adopted in 

dynamic N management schemes in processing tomatoes, mainly linked with the non-capability to estimate the 

crop biomass along the entire growing season. Some authors found that integrating agroclimatic with 

reflectance data can improve the performance of estimation. In the present chapter, the data fusion from 

different sensor platforms (agroclimatic and reflectance) was tested. We propose here a novel shape vegetation 

index, based on the data fusion of the green vegetation index with the growing degree days, to support the 

estimate of the crop biomass along the entire growing season with nonlinear regression.  

 

Abstract—Crop biomass is an important parameter to be non-destructively monitored for the proper 

management of nitrogen (N) fertilization in vegetable cropping systems. The present paper aims at showing 

the development of an innovative vegetation index that integrates both reflectance measurements and growing 

degree days (GDDs) for biomass estimation in tomato under different N fertilization treatments. Along five 

growth stages of tomato plants, both the Green Vegetation Index (GVI) and the plant biomass were monitored. 

Then the cumulative area under the curve of the GVI of the crop across the GDDs (cIGVI) was calculated per 

each experimental plot and correlated with tomato biomass. Even though significant weak relationships 

between GVI and biomass were found at each growth stage, they cannot be used in intermediate periods since 

they are calibrated for a specific growth stage. The adoption of cIGVI significantly improved the biomass 

estimation in comparison to the simple GVI-biomass models, and the relationship with tomato biomass was 

found to follow a Gompertz function. These results suggest that cIGVI may be a promising index for estimating 

tomato biomass across the entire growing season under different N statuses, and including spectral data in 

agroclimatic model for estimating biomass can enhance the prediction performances. 

Keywords—precision nitrogen management, biomass estimation, reflectance, growing degree days, 

vegetation index 
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1. INTRODUCTION 

Crop biomass is an essential parameter to be monitored for proper crop management in greenhouses and open 

field conditions. It is related to the general health status of the crop, and can also find application for the precise 

management of nitrogen (N). The critical N dilution curve is widely known among plant physiologists and 

agronomists: it relates the actual biomass of the crop with the critical N concentration (i.e., the minimal N 

concentration needed to maximize the actual biomass production) (Justes et al. 1994). The simultaneous 

monitoring of both biomass and N concentration allows for the calculation of the Nitrogen Nutrition Index 

(NNI), where the supply of N should occur whenever the NNI falls below 1 (Baret et al. 2007). NNI has been 

highly related to different vegetation indices (VIs) monitored by hand-held reflectance sensors for a diverse 

number of vegetable crops (Padilla et al. 2015). Although the relationship VIs-NNI is useful for determining 

the optimal moment for N supply through fertigation, (Padilla et al. 2018) highlighted that algorithms for 

optimal N rate adopting reflectance sensors are still lacking. By knowing the actual biomass of the crop and 

actual N concentration, the amount of N fertilizer to be applied to the crop can be easily calculated (Baret et al. 

2007). On the other hand, the direct measurement of both the biomass and N concentration in the crop is 

excessively time-consuming for the prompt application in N fertilization management, thus indirect estimates 

of both N and biomass are currently being explored by several authors. In greenhouse crop systems, actual 

biomass has been estimated by adopting several weather-based growth models. The Total Dry Matter (TDM) 

was estimated in cucumber by Maeda and Ahn (2021) through modeling the Leaf Area Index (LAI), the 

intercepted Photosynthetically Active Radiation (PAR), and the greenhouse CO2 concentration, although 

overestimation occurred at the late developmental stage. In Dai et al. (2006) a simple model that simulates the 

TDM was developed using the Product of normalized Thermal Time and PAR (PTTP) coupled with a 

photosynthesis model. Again, Gallardo et al. (2006) developed the VegSyst model which simulates TDM, 

evapotranspiration, and N uptake by crops, adopting easily obtainable weather data to encourage its adoption 

on farms. These weather-based models are assuming an optimal nutritional status (Gallardo et al. 2007), even 

though it is notorious that N deficiency limits dry matter accumulation (Uhart and Andrade 1995). Therefore, 

the suitability of the meteorological predictors for estimating crop biomass when different N status occurs 

remains questionable. Reflectance measurements are useful for assessing both the N status (Padilla et al. 2015) 

and estimating morphological parameters in greenhouse conditions. For instance, Sarlikioti et al. (2006) used 

the reflectance at 460 nm for estimating the PAR interception and the LAI in sweet pepper and argued that the 

inclusion of reflectance into crop models could improve their efficiency. The Normalized Difference Vegetation 

Index (NDVI) was used by Swain et al. (2010) to estimate rice biomass at panicle initiation. However, although 

estimating biomass in growth stages that are critical for N fertilization is of interest for cereals crops, it is less 

suitable for vegetable crops, where N can be virtually supplied at any moment of the growing cycle via 

fertigation. Thus, reflectance-based models for estimating biomass in vegetable crops should work at any 

moment of the crop cycle. Moreover, when biomass is estimated through traditional vegetation indices, the issue 

of saturation at a high biomass level is often experienced (Kross et al. 2016). Some authors proposed the 

adoption of cumulative vegetation indices for improving the estimation of crop biomass (Kross et al. 2016; 

Serrano et al. 2000). Also, the integral of vegetation indices across the day of the year (DOY) resulted to be 

highly correlated with crop yield and biomass (Kross et al. 2016). However, the use of DOY for calculating the 

integral of vegetation indices to estimate crop growth may limit their applicability in different locations, given 

that plant development depends on climate factors (e.g., temperature), which are not accounted for by the merely 

temporal indicators (Li et al. 2022). Thus, combining spectral information with agroclimatic data is of interest 

for estimating crop biomass. From the previous work of Gianquinto et al. (2011a), the Green Vegetation Index 
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(GVI) resulted to be the most adequate for assessing the potential yield and N status in tomato. Therefore, the 

present paper aims at illustrating the development of an innovative vegetation index based on the integration of 

the GVI with the Growing Degree Days (GDDs) for biomass estimation of tomato crops across the entire 

growing season. 

 

2. MATERIALS AND METHODS 

2.1 EXPERIMENTAL DESIGN 

The experiment was set up in the summer of 2022 at the University of Bologna experimental farm in Cadriano, 

Italy. Tomato (Solanum lycopersicum L.) was transplanted in open-field in a single-row cropping system at 

27,700 plants ha-1. Three N treatments were supplied with three replicates in a randomized block design, 

consisting of different percentages (0, 60, and 100%) of total crop N requirement (N0, N60, N100). The total N 

crop requirement was calculated through the balance sheet method (Gianquinto et al. 2011b) using the critical 

N uptake of 2.24 kg N t-1 reported by Tei et al. (2002). Ammonium nitrate was supplied 6 times through 

fertigation, following the crop N uptake rate. During the growing season the N uptake rate was: 6% of N total 

uptake up to 28 days after transplanting (DAT), 78% from 29 to 77 DAT, and 16% from 78 to 105 DAT (Tei et 

al. 2015). Crop water requirements were fulfilled with drip irrigation according to the water balance sheet 

method, maintaining the soil moisture at the field capacity (Cerasola et al. 2022). The computation of ETc 

adopted the single Kc method, and the ET0 was estimated through the Hargreaves-Samani equation (Allen et al. 

1998). P2O5 was applied before transplanting at 85 kg ha-1, while a starter dose of 20 kg ha-1 of K2O was supplied 

through fertigation. The crop was transplanted on a loamy-clay soil with the following main characteristics: 

pH=7.1, Total lime (CaCO3) =18 g kg-1, Electrical conductivity=0.07 mS cm-1, Organic Matter=1.43%, Total 

N=0.9 g kg-1, Assimilable P=50 mg kg-1, Exchangeable K=171 mg kg-1, Cation Exchange Capacity= 10.8 cmol 

kg-1. Two plants per plot were sampled for total above-ground biomass determination in five growth stages at 

264, 386, 598, 859, and 1125 growing degree days °C (GDDs), henceforth shortened as T1, T2, T3, T4, and T5. 

GDDs were calculated according to (Scholberg et al. 2000), using 30 and 10 °C as Tmax and Tbasal, respectively.  

 

2.2 DESCRIPTION OF THE VEGETATION INDICES 

Before sampling, the reflectance of each plant was monitored with a portable multispectral passive 

radiometer (Spectrosense 2+, Skye, UK) in the band of green (560 nm), and Near Infrared (NIR) (810 nm), to 

enable the calculation of the GVI as the simple ratio between the NIR (R810) over the green (R560) reflectance 

as shown in (Eq. 1): 

 𝐺𝑉𝐼 =
𝑅810

𝑅560
 Eq.1  

Moreover, an innovative vegetation index is proposed in this manuscript, which has been developed by 

integrating the multitemporal monitoring of the GVI with the GDDs. The GVI monitored was plotted against 

the GDDs. The pattern of the GVI is strictly dependent on the N status, where a higher N supply implies a 

higher value of the GVI. Therefore, it is reasonable to consider the area under the curve to be dependent on the 

N status, and thus it could also be a predictor of the biomass. The area below the curve between two monitoring 

dates can be approximated to a trapezoid, represented as the shaded area in Fig. 1, henceforth named Integral 

GVI (IGVI), and can be calculated accordingly (Eq. 2): 
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𝐼𝐺𝑉𝐼𝑇𝑛 =  
(𝐺𝑉𝐼𝑇𝑛+𝐺𝑉𝐼𝑇𝑛−1)(𝐺𝐷𝐷𝑇𝑛−𝐺𝐷𝐷𝑇𝑛−1)

2
 Eq. 2 

The biomass accumulation is a cumulative function and depends on the global crop health status from the 

planting date (Le Maire et al. 2011). Therefore, it can be linked to cumulative vegetation indices, such as the 

Cumulative IGVI (cIGVI) over the sampling time shown in (Eq. 3). 

𝑐𝐼𝐺𝑉𝐼 = ∑ 𝐼𝐺𝑉𝐼𝑇𝑛 Eq. 3 

Thus, the cIGVI has been calculated per each experimental plot for each sampling date, and it was then related 

to the monitored biomass. 

 

Fig. 1 Pattern of GVI across growing degrees days and representation of the IGVITn between two monitoring date 

 

2.3 STATISTICAL ANALYSIS 

ANOVA analysis was carried out with R studio software (version 4.2.0) to assess the differences in biomass 

among N treatments at each sampling date. The assumption of normality and homoscedasticity was checked 

using the Shapiro-Wilk test and Levene test respectively. Linear regression analysis was used to find a 

correlation between GVI and plant biomass, while nonlinear regression analysis between cIGVI and biomass 

was carried out. The assumption of normality distribution and homoscedasticity of residuals was checked. In 

case such assumptions were not met the log-log transformation was performed, by calculating the natural 

logarithm for both variables. The nonlinear model for fitting data was chosen using the software CurveExpert 

Basic (version 2.2). Performance assessment metrics, namely Root Mean Square Error (RMSE), Percentage 

RMSE (%RMSE), and R2, were computed. 

 

3. RESULTS 

N treatments resulted in a significant difference in biomass production across GDDs, except at T4 where no 

significant differences were observed (Fig. 2). Plants grown under the full N rate (N100) exhibited a faster 

growth compared to N60 and N0, particularly at T1 and T2. However, at T3 and T5, only the differences 

between N100 and N0 were statistically significant. Consequently, it is not possible to utilize a single growth 

curve based on GDDs to estimate biomass accurately for different N statuses. Indeed, adopting a single model 

based on GDDs would overestimate biomass when N is deficient and could underestimate it when N 
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requirements are fully met. The linear regression analysis between GVI and plant fresh biomass  proved to be 

significant at T1, T3, and T5, while it resulted not significant at T2 and T4 (Table 1). The determination 

coefficient (R2) was influenced by the growth stage, as well as the slope and intercept of the linear relationship. 

Consequently, different linear relationships were established to estimate tomato biomass. The RMSE values in 

Table 1 tended to increase with an increase in GDDs, whereas the Percentage RMSE (%RMSE) did not exhibit 

a corresponding variation. Notably, the global RMSE and global %RMSE values in Table 1 did not include the 

data from growth stages T2 and T4, as the relationships between GVI and biomass were not found to be 

significant. Additionally, the relationships between the cIGVI and plant fresh biomass was examined, resulting 

in a sigmoidal growth curve (Fig. 3). The dashed line in Fig. 3 represents the fitted model based on the Gompertz 

function, which comprises three highly significant coefficients (a, b, k) obtained from nonlinear regression 

analysis (p < 0.05). 

𝐵𝑖𝑜𝑚𝑎𝑠𝑠 (𝑔 𝐹𝑊 𝑝𝑙𝑎𝑛𝑡−1) =  𝑎 𝑒−𝑒(𝑏−𝑘 𝑐𝐼𝐺𝑉𝐼)
 

Where e is the Euler number, a is a coefficient corresponding to the asymptote of the sigmoidal and is equal 

to 7507 g, b is the location parameter related to the intercept of the curve equal to 0.000519, and k is related to 

the growth rate of the curve, which is equal to 1.67. 

Table 5 Slope and intercept of linear models between GVI and plant biomass (g plant-1 FW) at different growth stages. Root mean 

square error (RMSE), %RMSE and R2 are also reported. Global RMSE and %RMSE are calculated considering the data of each growth 

stage, excluding T4 (n=18). 

 T1 T2 T3 T4 T5 Global 

GDDs 264 386 598 859 1125 

slope 35 49.9 116 19.4 778  

intercept -39.3 70.1 244 2946 1143  

R2 0.52 0.18 0.52 0.001 0.37  

RMSE 10.4 50.6 171 865 1024 599 

%RMSE 28.8 26.6 22.1 27.9 29.8 27.1 

 *** ns *** ns **  

 

 

 

Fig. 2 Evolution of the plant fresh weight (FW) biomass across GDDs. 
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The RMSE of the Gompertz model (Fig. 3) is lower in comparison to the global RMSE calculated for the linear 

relationships between GVI and plant biomass (Table 1), although the %RMSE is significantly higher. The 

model relating cIGVI and biomass enables the inclusion of all treatments in the fitting procedure, which was 

not feasible using interpolation with GDDs (Fig. 2). This is due to variations in the observed biomass as 

determined by the analysis of variance (ANOVA) for different nitrogen treatments. However, the residuals of 

the Gompertz models resulted to be non-normal according to the visual interpretation of the Q-Q plot. In 

addition, the residuals also tend to increase as the cIGVI increases, thus revealing a strong heteroscedasticity. 

To fulfill the assumptions of normality and homoscedasticity of residuals, a log-log transformation was 

applied. The transformed data were then fitted with a second-order polynomial curve (Fig. 4), which yielded 

highly significant results in the nonlinear regression analysis and satisfied the assumptions of normality and 

homoscedasticity of residuals. Even though the transformed model slightly increased the RMSE in comparison 

to the Gompertz model from 482 to 526 g plant-1, the %RMSE is significantly improved in the transformed 

model and it was reduced from 132% (Fig. 3) to 22.8% (Fig. 4). 

 

 

Fig. 3 Relationship between cIGVI and fresh plant biomass (FW). The 

dashed line represents the fitted model according to the Gompertz 

function (n=45). 

 

 Fig. 4. Model for estimation of the natural logarithm of 

biomass according to the natural logarithm of cIGVI 

When the non-transformed model was utilized during the early stage of the growing season, an overestimation 

was observed. However, this overestimation was avoided when the log-transformed model was employed (Fig. 

5). As the biomass level increased, the error of estimate for the non-transformed model became comparable to 

that of the log-log transformed model. 
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4. DISCUSSION 

The estimation of crop biomass is of significant importance for precision N management. This estimation 

enables the virtual replication of the critical N dilution curve and facilitates the identification of the optimal 

timing and rate of N fertilizer application (Baret et al. 2007). Biomass accumulation is a cumulative process 

that is strictly dependent on the N status. Thus, the attempt to estimate plant biomass according to GDDs will 

fail if N status is not considered (Fig. 2). Given GVI has been evaluated as the best vegetation index for 

assessing non-destructively the N status and forecasting the yield in processing tomato (Gianquinto et al. 

2011a), its ability in estimating tomato biomass has been explored in this paper. GVI is linearly related to plant 

biomass at all growth stages (Table 1), except at T2 and T4, probably determined by the lacking of significant 

differences in biomass among N treatments at the T4 stage (Fig. 2). Despite these correlations, linear models 

are calibrated for a specific growth stage, and they cannot be adopted in intermediate moments of the crop 

cycles thus limiting the applicability for vegetable farming, where N could be supplied in any moment of the 

growth cycle via fertigation. Moreover, the prediction accuracy of the linear relationships between GVI and 

plant biomass across GDDs is considered low for a prompt application in precision N strategies (harmonic 

mean of R2=0.45). An innovative vegetation index is here developed, that combines the spectral properties of 

the crop with GDDs. The cumulative Integral Green Vegetation Index (cIGVI), defined as the cumulative area 

under the GVI curve over GDDs (Fig. 1), exhibited a strong correlation with crop biomass. This relationship 

followed a Gompertz curve (Fig. 4). The Gompertz function has been widely adopted for describing growth 

phenomenon across time (Tjørve and Tjørve 2006), including plant biomass (Fang et al. 2022). The 

mathematical derivation of cIGVI allows us to recognize the added value of such an index. Indeed, the 

inclusion of GDDs into the formula of cIGVI permit estimating the plant biomass at any moment of the crop 

cycle. 

 

Fig. 5 Distribution of Percentage Error of the two models (Gompertz, and log-log transformed) in relation to the measured biomass. 

Moreover, the simultaneous inclusion of GVI into the formula allows us to consider the crop N status in the 

estimation process, thus overcoming the limits imposed by the use of models based on solely GDDs. Although 

the cIGVI-biomass model reported a lower RMSE in comparison to the global RMSE of the linear relationships 

between GVI and biomass, the %RMSE heavily increased from 27.1% (Table 1) to 132% (Fig. 3). This is due 

to an overestimation of the biomass at the low value of cIGVI (Fig. 5). Hence, by applying the logarithmic 

transformation to the model, the Percentage RMSE (%RMSE) was reduced to 22.8%, effectively preventing 

any overestimation during the initial stage of the growing season. The proposed model for precise N 

management becomes of utmost importance in ensuring accurate biomass estimation during the initial stage 
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of the growing season. This significance arises from the fact that tomato plants experience exponential growth 

(Fig. 3) during this critical period, leading to an increased requirement for N. The cIGVI has some similarities 

with other vegetation indices developed by previous authors. The cumulative Simple Ratio over time was 

related with crop yield and biomass by (Serrano et al. 2000), improving the estimation performance in 

comparison to the same vegetation index in the non-cumulative form. Again, (Kross et al. 2016) demonstrated 

that the use of integral of VIs across time (day of the year) improves biomass estimation compared to simple 

VIs, overcoming the common issue related to the saturation effect at the highly-dense canopy. In accordance 

with the finding of this paper, Ballesteros et al (2018) combined the crop optical properties (RGB) with 

agroclimatic data (GDDs) for crop biomass estimation, finding an improvement when GDDs were considered 

alone. This paper demonstrated that including the spectral information in agroclimatic data improved the 

biomass estimation, and can be of interest for greenhouse cropping systems where weather-based models are 

mainly adopted. However, despite the promising potential of cIGVI in estimating tomato biomass (Fig. 5), it 

should be noted that only a one-year experiment on a single location was considered. A second-year experiment 

is recommended (and currently underway) to validate the model and to test its adaptability to different 

cultivars. Different vegetation indices are recommended to be tested, as well as different nonlinear functions 

to assess whether the overestimation at the early stage of the growing season can be overcome. 

 

5. CONCLUSIONS 

The estimation of crop biomass across the entire growing season is of interest for accurate N management in 

vegetable cropping systems. The findings of this study demonstrate that biomass estimation solely based on the 

traditional Growing Degree Days (GDDs) model is inadequate when different nitrogen (N) statuses are present. 

Therefore, to enhance biomass estimation, it is crucial to incorporate optical properties that are associated with 

specific nutritional conditions. The cIGVI is a hybrid vegetation index that combine the crop spectral properties 

(GVI) with agroclimatic data (GDDs) that resulted to be highly related to tomato biomass. The use of the 

cumulative cIGVI significantly enhanced the accuracy of biomass estimation compared to the traditional GDDs 

approach. This improvement was attributed to the capability of the cIGVI to incorporate all the nitrogen (N) 

treatments within a single model, which was not possible with the GDDs-based model. Also, the model based 

on cIGVI allows to estimate tomato biomass at any moment of the growing season, which is otherwise not 

possible when specific linear models based on simple vegetation index (GVI) are adopted. However, to improve 

the biomass estimation, especially at the early stage of the growing season, the logarithmic transformation of 

the monitored cIGVI is needed.  A simple transformation does not imply any alterations to the meaning of the 

equation found in this article. In fact, given that we are dealing with a system, the plant, that grows exponentially 

makes it necessary to undergo a logarithmic transformation. Although further experiments should validate the 

relationship between cIGVI and biomass, the index here developed is promising for being adopted in vegetable 

cropping systems. The integration of spectral information to agroclimatic data enhanced the biomass estimation 

in open field, and may be an opportunity for greenhouses cropping systems. 
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Chapter 6 

 

HYPERSPECTRAL IMAGING FOR PRECISION NITROGEN MANAGEMENT:  

A COMPARATIVE EXPLORATION OF TWO METHODOLOGICAL APPROACHES 

TO ESTIMATE OPTIMAL NITROGEN RATE IN PROCESSING TOMATO 

 

Cerasola, V.A., Orsini, F., Pennisi, G., Moretti, G., Bona, S., Mirone, F., Verrelst, J., Berger, K., Gianquinto, G. (2025). 

Hyperspectral imaging for precision nitrogen management: a comparative exploration of two methodological approaches to estimate 

optimal nitrogen rate in processing tomato. First version submitted to Computer and Electronics in Agriculture. 

 

PREMISE  

The previous chapter used the nonlinear parametric regression to estimate the crop biomass using 

agroclimatic and multispectral data. Although this method has the potential to estimate the crop biomass along 

the entire growing season, it uses only a few spectral bands that underexploit hidden information in the full 

reflectance spectrum. Hyperspectral sensors, by monitoring an enormous number of wavelengths resulting in 

a continuous spectrum profile, address this issue. The raw spectral reflectance profile can be used as it is, with 

excellent results in retrieving crop traits, as scientific literature shows. However, the large number of 

wavelengths requires different statistical approaches, and nonparametric regression methods (e.g., machine 

learning) represent a valuable solution. In collaboration with the University of Valencia (Spain), this chapter 

explored machine learning algorithms to estimate crop traits (biomass, nitrogen uptake, leaf area index, 

nitrogen nutrition index) from hyperspectral reflectance. The retrieved crop traits were used in different 

workflows to initialize the critical nitrogen uptake curve, so the nitrogen fertilization was simulated and the 

potential accuracy for commercial farming conditions was assessed. 
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Abstract - Hyperspectral imaging is widespread in crop nitrogen (N) monitoring for precision agriculture, 

although approaches that address the agronomical recommendation of the optimal N rate are still lacking. Here, 

two approaches are explored in defining the optimal N rate to be supplied in fertigated processing tomatoes 

through hyperspectral imaging. The first one, called the N uptake approach, focuses on the virtual reproduction 

of the critical N uptake curve through the estimation of both aboveground biomass and crop N uptake. The 

estimated biomass is used to derive the critical N uptake, and the optimal N rate is computed as the difference 

between the critical N uptake and the estimated actual N uptake. The second approach focuses on the 

monitoring of the Nitrogen Nutrition Index (NNI) and biomass. Again, the biomass is used to calculate the 

critical N uptake, which, when combined with the estimated NNI, resolves the equation to retrieve the actual 

crop N uptake. A modeling stage was included to estimate the N-related variables from crop canopy reflectance 

across the full spectrum (400-1000 nm). Canopy reflectance was measured by using an unmanned aerial 

vehicle at five growth stages of processing tomatoes grown under experimental plot conditions with different 

N rates. Three nonparametric algorithms were trained, i.e., Gaussian Process Regression (GPR), Support 

Vector Regression (SVR), and Partial Least Square Regression (PLSR). Multicollinearity of spectral bands 

was prevented with a principal component analysis, and models were 5-fold cross-validated. Considering the 

pivotal role of biomass in the selected N rate estimation approaches, two distinct biomass estimation methods 

were explored. The direct biomass retrieval from spectral data was compared with the indirect biomass 

retrieval from the remotely sensed LAI applying empirical regressions. PLSR outperformed the other 

algorithms in estimating N uptake (Relative Root Mean Square Error, RRMSE=21.8%), while SVR better 

estimated NNI (RRMSE=10.2%) and direct biomass (RRMSE=19.4%). The indirect estimation of biomass 

outperformed the direct approach when GPR is used (RRMSE 18.2% vs. 21.4%), although the influence of 

soil background at early growth stages determined an unreliable biomass estimation for both methods. The 

NNI approach outperformed the N uptake approach in estimating the optimal N rate, especially when the 

biomass is directly retrieved from GPR. The promising estimation performances in N rate estimation (R2=0.88 

and RRMSE=36%) revealed the effectiveness of hyperspectral imaging in entering the agronomical scheduling 

of precision N management. 

Keywords: precision nitrogen management, hyperspectral imaging, machine learning, nitrogen nutrition 

index, nitrogen rate 
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1. INTRODUCTION 

Nitrogen (N) is among the most important macronutrients for boosting vegetable crop yields, thus playing a 

pivotal role in ensuring food security for the growing world population (Masso et al. 2017). However, the 

intensification of fertilization has led farmers to often use N fertilizers above the actual crop N requirements, 

resulting in negative environmental implications (Tei et al. 2020). Therefore, precise management of N is 

required to minimize losses and optimize fertilization costs. Yet, during the early 1990s, the strategy of 

“dynamic optimization of N” was proposed (Vos and Struik, 1992). This strategy aims to match the in-season 

N supply through fertilization with the actual crop N requirements, thus making rapid and non-destructive 

monitoring of the crop N status imperative. Dynamic N fertilization can reduce the N supply up to 50% without 

any effect on cantaloupe yield, even increasing fruits’ quality when hand-held chlorophyll meters (e.g., Hydro 

N-tester) are used as N monitoring devices (Gianquinto et al. 2010). Furthermore, SPAD threshold values were 

developed for guiding N fertilization in processing tomatoes by adopting a linear-plateau model built on 

relative yield (Gianquinto et al. 2004). Similarly, by relating vegetation indices with the Nitrogen Nutrition 

Index (NNI) and solving the equation for NNI=1, threshold values were also developed for greenhouse 

tomatoes (Padilla et al. 2015). However, these approaches only define the optimal timing for supplying N 

fertilizers, providing limited information on the optimal N rate. In this regard, other authors ventured into 

developing approaches for estimating the N rate. For instance, Scharf and Lory (2009) developed empirical 

relationships to estimate the economically optimal N rate (EONR) of corn from NDVI measurements. Yet, 

EONR is affected by annual variability and requires in-season calibration with an N-rich plot (Scharf and Lory 

2009). An elegant and physiology-based approach to estimating the optimal N rate was proposed by Houles et 

al. (2007), which is based on the critical N dilution curve. This model relates the aboveground biomass (AGB) 

to the minimum crop N concentration needed to maximize biomass production. From here, the critical N uptake 

curve along the AGB is easily derived, and the N rate is calculated as the difference between the critical N 

uptake and the actual N uptake. In this regard, Cilia et al. (2014) computed the N rate following the estimation 

of NNI (i.e., the ratio between the actual and critical N concentration). Their methodology involved an 

empirical equation where vegetation indices are used to estimate AGB and crop N concentration, and from 

which the optimal N rate is subsequently calculated. 

Noteworthy, the aforementioned works rely on the use of parametric regression with vegetation indices. 

Although this is by far the most popular approach since the birth of remote sensing because of their inherent 

simplicity, they are highly noise-sensitive and they often lack the generic capacity among environmental 

conditions (Verrelst et al. 2015a). As such, nonparametric approaches, mostly referred to as machine learning 

regression algorithms, emerged as a potentially superior modeling choice, as they can retrieve N-related 

variables using the full spectrum as input predictors (Verrelst et al. 2015a). The use of the full reflectance 

spectrum monitored by a hyperspectral sensor outperformed the parametric approach based on vegetation 

indices to monitor crop N content in sugarcane with excellent estimation performances (Miphokasap et al. 

2012). Although partial least square regression (PLSR) is not strictly considered as a machine learning 

algorithm because of its linear transformation (Verrelst et al. 2015a), it was identified as the most popular 

linear nonparametric algorithm in N retrieval from spectral imaging, as extensively reviewed by Berger et al. 

(2020a). PLSR can provide improvements when compared to vegetation indices in estimating N concentration 

(Hansen and Schjoerring 2003), but nonlinear nonparametric algorithms have gained attention in the last 

decades as they can capture nonlinear relationships among features (Verrelst et al. 2015a). Among these, the 

Gaussian Process Regression (GPR) is a nonparametric algorithm employing Bayesian principles, which 

stands out by providing not only an estimate of the variable but also a measure of uncertainty alongside the 
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estimate (Verrelst et al. 2013, Berger et al. 2020b). This makes GPR particularly valuable for tasks demanding 

reliable predictions despite inherent data variability. In addition to N uptake retrieval (Berger et al. 2020b), 

GPR is successfully used to retrieve AGB (Wocher et al. 2022) and leaf area index (LAI, Verrelst et al. 2015b). 

However, the nonparametric algorithms are known to suffer from the Hughes phenomenon, where the 

multicollinearity of contiguous spectral bands monitored by hyperspectral sensors can penalize the regression 

performances (Verrelst et al. 2015a). Such multicollinearity is typically handled with linear spectral 

transformations such as principal component analysis (PCA, Rivera-Caicedo et al. 2017). 

However, the estimation of the optimal N rate utilizing N-related variables like NNI, N uptake, and AGB 

retrieved from nonparametric approaches remains unexplored, as extensively reviewed by Li et al. (2022). 

Therefore, in this study, we aim to explore two distinct approaches to estimate the in-season N rate in a 

processing tomato (Solanum lycopersicum L.) cultivation from unmanned aerial vehicle (UAV) hyperspectral 

imaging by retrieving the AGB, N uptake, leaf area index (LAI), and NNI through linear and nonlinear 

nonparametric regression. To avoid any misunderstandings, we refer to N uptake as the total N stored in AGB 

per unit area (kg N ha-1). The approaches analyzed are based both on the critical N uptake curve, here called 

the N uptake approach (Nup-App, Houles et al. 2007) and the NNI approach (NNI-App, Cilia et al. 2014). In 

both approaches, the AGB is estimated to calculate the critical N uptake, which is functional for the N rate 

computation by difference with the actual N uptake. While in the Nup-App the actual N uptake is directly 

estimated from nonparametric algorithms, in the NNI-App the N uptake is derived from the NNI which is 

previously estimated. Furthermore, given the pivotal role of AGB in the N rate estimation, we also explore 

two additional methods to retrieve the AGB from the spectral reflectance: direct AGB retrieval from the 

reflectance profile as opposed to indirect AGB retrieval, where empirical regression with the remotely sensed 

LAI is used. 

 

2. MATERIALS AND METHODS 

2.1 EXPERIMENTAL DESIGN AND CROP MANAGEMENT 

A plot-size experiment was conducted from May to July 2023 at the experimental farm of the University of 

Bologna located in Cadriano in Northern Italy (44°55’48’’ N°, 11°41’31’’ E°, local climate Cfa according to 

the Köppen classification). Processing tomato plants of cultivar K2206 (ISI Sementi SpA, Fidenza, Italy) were 

manually transplanted in a single-row cropping system, with a distance between the rows of 1 m, and the 

distance between the plants in the same row of 0.36 m, resulting in a total of 27,778 plants ha-1. Four nitrogen 

levels were supplied to the experimental plots sized 9 m x 5 m arranged in a four-times replicated complete 

randomized design, totaling to 16 experimental plots (Fig. 1). N fertilizer was supplied through fertigation, 

consisting of varying percentages (0, 20, 60, and 100%) of the total crop N requirement (N0, N20, N60, N100) 

calculated through the balance sheet method. Ammonium nitrate (N=34%) was supplied six times through drip 

fertigation according to the daily crop N uptake rate, which was derived from Tei et al. (2015) per each growth 

stage. Phosphorus was fully supplied at soil tillage at the rate of 80 kg P2O5 ha-1, while 150 kg of K2O ha-1 was 

supplied three times through fertigation. The chemical-physical characteristics of soil were as follows: sand = 

53.7%, silt = 46.3%, clay = 0%; pH = 8.12; total CaCO3 = 99.1 g kg−1; bulk density = 1.34 g cm−3; total organic 

matter = 1.95%; total nitrogen = 1.41 g kg−1; the wilting point and field capacity were 6.48% v:v and 21.9% 

v:v, respectively. Crop water requirements were satisfied with drip irrigation adopting the water balance sheet 

method that maintains soil moisture at the field capacity, as reported by Cerasola et al. (2022).  
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Fig. 1 Location of Bologna in Emilia Romagna region (b) in the Italian peninsula (a). The aerial view of the experimental area in 

Cadriano (Bologna, Italy) is presented too (c). The yellow area represents the 16 experimental plots that took part in the experiment, 

with a schematic representation of the full randomization of N treatments (red, yellow, green, and dark green plots represent N0, N20, 

N60, and N100 treatments, respectively). 

 

2.2 UAV AND SPECTRAL DATA ACQUISITION 

Five data collection campaigns were organized at five growth stages within the growing season, where both 

spectral imagery and ground data (LAI, AGB, and N uptake) were collected. BBCH growth stages are detailed 

in Table 1, also reporting the cumulative Growing Degree Days (GDDs) that were calculated using 10°C and 

30°C as basal and maximum temperatures, respectively. 

 

Table 1 Sampling dates conducted in the experiment. Day After Transplant (DAT), Growing Degrees Days (GDDs) and BBCH 

phenological scale are reported 

 

 

 

 

 

 

 

 

Spectral images were acquired using an Unmanned Aerial Vehicle (UAV) DJI Matrice 600 (DJI, Shenzhen, 

China) equipped with the Headwall Nano-Hyperspec® sensor (Headwall Photonics Inc., Bolton, MA, USA) 

as an airborne imaging sensor. Flights were performed between 11.00 and 15.00 at a height of 40 m above the 

ground. The sensor was mounted on the stabilized gimbal Ronin MX Gimbal system (DJI, Shenzhen, China) 

to minimize the movements caused by the UAV. The camera works as a push-broom sensor, mounting a 12 

mm lens and detecting the incoming radiation in the visible and near-infrared range (VNIR) from 400 to 1000 

nm in 273 bands, with a Full Width at Half Maximum (FWHM) of 6.6 nm and a sampling interval of 2.2 nm. 

Dark and white references were acquired before each flight, acquiring the radiation with the cap on the lens 

(dark) and with a reference Spectralon® white panel (Labsphere, Inc., North Sutton, NH) placed in the field 

 

Day DAT GDDs BBCH 

16 June 24 268 17/205/501 

22 June 30 377 206/509/606 

4 July 42 531 613/704 

11 July 49 640 610/706 

17 July 55 772 708 
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of view of the sensor. Reflectance calibration tarps (Group 8 Technology, Provo, UT, USA) were placed on 

the ground to allow the radiometric correction. 

 

2.3 GROUND DATA MEASUREMENTS 

At each sampling date, three plants per experimental plot were randomly selected for the destructive 

monitoring of the AGB, LAI, and N uptake. First, plants were collected, excluding roots, and leaves were 

separated. Leaf area was measured with a leaf area meter (LI-3000; LI-COR, Lincoln, Nebraska, USA) and 

LAI (m2 m-2) was then calculated. Fresh plant biomass was, thereafter, measured with a precision scale, and 

then each plant was stored in an oven at 60 °C until it reached a constant weight for the measurement of dry 

plant biomass. Dry AGB was then calculated as t ha-1. Entire dried plants were then crushed into small pieces, 

maintaining all the organs using a mill. Then, a sub-sample was selected and further ball milled into powder. 

Total N concentration (N%) was determined with a CHN elemental analyzer (Thermo Fisher, mod. EA 1110, 

Bremen, Germany) as further detailed in Marcolini et al. (2022). Then, aboveground N uptake (kg N ha-1) was 

calculated by multiplying the N concentration per the dry mass per unit area (kg ha-1) as obtained by the field 

campaign. 

 

2.4 STATISTICAL ANALYSIS 

2.4.1 Data preprocessing 

Spectral images were preprocessed on Headwall’s SpectralView software as described in the sensor manual. 

Before each flight, the dark and white references were measured to obtain the gain and offset. These have been 

used for radiometric correction, therefore, the digital numbers were converted into radiance data by the 

software. Then, the reflectance was calculated using the white calibration tarp placed on the soil. Finally, 

orthorectification was obtained, and the overlap with the area of interest was checked with QGIS software. 

Reflectance data were extracted from spectral images in Google Earth Engine, where the Region of Interest 

was a polygon that overlapped the experimental plot, excluding the external borders to mitigate the border 

effect. A total of 78 spectra profiles were extracted from vegetation, and 8 bare soil spectra were included to 

account for soil variability, resulting in a dataset of 86 observations. Spectra were smoothed through the 

Savitzky-Golay filter (Saviztky and Golay 1964) to remove the high-frequency noise, implemented in R studio 

(version 4.2.0) with package “signal”, adopting a window width of 21 nm with a quadratic polynomial order. 

 

2.4.2 Dynamic N fertilization based on UAV spectral data: two approaches 

An ideal Decision Support System (DSS) should recommend N fertilizer supply only when it is demanded by 

the crop, minimizing any errors related to the precise timing of the supply. Additionally, the DSS should 

provide dynamic recommendations for the optimal N rate, considering the current N status of the crop. Also, 

it should recommend a reliable N rate across the entire growing season, especially during the growth stages 

that are critical for N fertilization. 

Two approaches for optimal N management based on spectral data are conceptualized here. The first approach 

is the N uptake approach (Nup-App, Houles et al 2007). It consists of the virtual reproduction of the critical N 

uptake curve by plotting AGB and crop N uptake. If the plotted observation is below the critical curve, then 

the crop is classified as “To be fertilized” and the N rate is easily calculated as reported in eq. (1). 

𝑂𝑝𝑡𝑖𝑚𝑎𝑙 𝑁 𝑟𝑎𝑡𝑒 [𝑘𝑔 ℎ𝑎−1]   =  𝑁 𝑢𝑝𝑡𝑎𝑘𝑒𝑐– 𝑁 𝑢𝑝𝑡𝑎𝑘𝑒𝑒𝑠𝑡  eq. 1 
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where the N uptakec is the critical N uptake calculated using the estimated AGB, and the N uptakeest is the 

actual N uptake estimated by the regression algorithms that will be subsequently detailed. The critical N uptake 

curve for processing tomato has been proposed by Tei et al. (2002) as reported in eq (2): 

 

𝐶𝑟𝑖𝑡𝑖𝑐𝑎𝑙 𝑁 𝑢𝑝𝑡𝑎𝑘𝑒 [𝑘𝑔 ℎ𝑎−1] = {
45.3 𝐴𝐺𝐵, 𝐴𝐺𝐵 < 1.2

45.3 𝐴𝐺𝐵0.673, 𝐴𝐺𝐵 ≥ 1.2
 eq. 2 

However, a threshold needs to be defined to trigger the N fertilization and define the optimal timing of the N 

fertilizer supply. NNI is commonly used as a rapid way to assess the crop N status, and it is calculated as the 

ratio of the actual crop N concentration above the critical N concentration, thus indicating an optimal N status 

around NNI=1. 

 

𝑁𝑁𝐼 =
𝑁%𝑎𝑐

𝑁%𝑐
=

𝑁 𝑢𝑝𝑡𝑎𝑘𝑒

𝑁 𝑢𝑝𝑡𝑎𝑘𝑒𝑐
  eq. 3 

 

Using the N uptake instead of the N concentration for the computation of the NNI yields equivalent outcomes 

(Li et al. 2022). In the context of this study, NNI<0.9 was considered a rational threshold to trigger fertilization 

(Ziadi et al. 2009; Cilia et al. 2014; Hoogmoed et al. 2018). Therefore, in the framework of the Nup-App the 

crop is considered to be in N starvation when the plotted observation is below 90% of the critical N uptake. 

The second approach tested is the NNI approach (NNI-App, Cilia et al. 2014). It is based on the monitoring of 

NNI and AGB. First, the NNI is used to assess whether the crop is in N starvation (if NNI<0.9). Then, the 

critical N uptake is calculated from the estimated AGB (eq. 2) and the actual N uptake is easily derived (eq. 

3). Finally, the optimal N rate is computed (eq. 1). 

Therefore, the two approaches are primarily used to classify the experimental plots as “To be fertilized” or “To 

not be fertilized”. In this classification, the True Positives (TP), True Negatives (TN), False Positives (FP), 

and False Negatives (FN), were then counted. Here, the experimental plots that are misclassified as FP and FN 

were identified and the error (in percentage on the total) was calculated. Then, the N rate is calculated (eq. 1) 

only for the TP and FP cases, to better simulate the performances of the DSS under field conditions. 

 

2.4.3 Nonparametric regression algorithms 

Three nonparametric regression algorithms were selected to estimate N uptake, LAI, AGB, and NNI. Detailed 

mathematical descriptions of the algorithms are beyond the scope of this work, therefore, readers are directed 

to the following specific literature for an in-depth exploration. The selected algorithms are: (1) Partial Least 

Squares Regression (PLSR, Wold et al. 2001), (2) Gaussian Process Regression (GPR, Rasmussen and 

Williams 2006), and (3) Support Vector Regression (SVR, Smola and Schölkopf 2004). 

Briefly, PLSR is a widely utilized linear multivariate method that tackles multicollinearity challenges among 

input variables (bands). PLSR transforms all spectral bands into a reduced set of latent variables, maximizing 

the covariance with the dependent variable. Then, latent variables are used to build a multivariate linear model 

to estimate the dependent variable. GPR is a kernel-based and nonparametric Bayesian machine learning 

regression algorithm (MLRA) that excels in modeling complex relationships in spectral imaging retrieval 

issues (Verrelst et al. 2015a). GPR can capture intricate patterns between the input and output variables by 

utilizing a theoretically infinite number of parameters without any assumption on the specific functional form 

of such relationships. GPR addresses the issue of providing an estimate of uncertainty alongside the retrieved 

variable (Verrelst et al. 2013). SVR is another kernel-based MLRA. Here, the kernel function is used to map 
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the outputs in a continuous multidimensional space, and allow for the individuation of the hyperplane that best 

fits the output data in such a space. Strictly speaking, only GPR and SVR qualify as MLRAs, as they apply 

nonlinear transformations (Verrelst et al. 2015a). Conversely, as PLSR applies linear transformations, it does 

not strictly belong to the MLRA category. However, for simplicity and consistency in comparing all 

algorithms, we adopted the MLRA term to refer to all of them in the remainder of this work. 

 

2.4.4 Software and modeling approach 

The development of MLRAs was implemented within the Automated Radiative Transfer Models Operator 

(ARTMO) software running within MATLAB (https://artmotoolbox.com/). ARTMO was born as an intuitive 

toolbox for facilitating the retrieval of biophysical variables through radiative transfer models (RTMs) 

inversion (Verrelst et al. 2011a). It was expanded with several retrieval toolboxes, such as the MLRA toolbox 

that can be run even in combination with different dimensionality reduction algorithms (Rivera-Caicedo et al. 

2014). The performances of MLRAs are affected by the choice of various hyperparameters made before the 

models’ training stage. Hyperparameters are algorithm-specific and may include the selection of the number 

of latent variables or the typology of the kernel function, to name a few. Hyperparameter optimization is crucial 

for minimizing prediction error and preventing overfitting, ensuring the model's accuracy and generalizability. 

Here, they are automatically optimized by the ARTMO toolbox. When numerous contiguous bands are entered 

as input data, however, collinearity hampers the development of fast and accurate MLRAs, and methods to 

reduce the dimensionality are imperative (Rivera-Caicedo et al. 2017). PCA is adopted in this study to reduce 

the huge number of wavelengths into a smaller number of uncorrelated principal components (PCs). PCs were 

then used as input predictors for the GPR and SVR algorithms. The rule adopted for selecting the number of 

PCs accounted for two criteria: i) including at least 99.95% of the cumulative variance explained by the PCs 

(Pascual-Venteo et al. 2022), and ii) choosing the minimum number of components that minimize the 

prediction error.  

Accordingly, we tested the variable estimation accuracy as a function of the total number of PCs from 0 (all 

bands are used) to 20. Considering the pivotal role of AGB in the computation of the optimal N rate, two 

methods for biomass estimation are explored, including a direct (D-AGB) and indirect (Ind-AGB) approach. 

The direct approach consists of estimating the AGB directly from the implementation of MLRAs, and the same 

approach is applied for N uptake, LAI, and NNI. Conversely, the indirect approach estimates the AGB from 

the LAI, which is previously retrieved from an MLRA. Empirical linear regression models between LAI and 

AGB were developed from experimental data obtained in the present study and from a similar experiment held 

in the same environmental condition in 2022, whose details are described in Cerasola et al. (2023). The Partial 

F test was employed to determine whether the N treatments can be omitted in the regression approach (reduced 

model, AGB=f(LAI)), or if they should be considered, resulting in a more complex full model AGB=f(LAI+N 

treatment). LAI and AGB are linearly related, but the slope and intercept of these relationships are known to 

change across the growing season (Houles et al. 2007). Therefore, the slope and intercept of the linear 

relationship between LAI and AGB are modeled as a function of GDDs as similarly reported in Cerasola et al. 

(2023) and Houles et al. (2007). Subsequently, the estimated slope and intercept are used to infer the AGB 

from the LAI retrieved by an MLRA. 

 

2.4.5 Validation and performance assessment 

The validation of the models was based on a k-fold cross-validation technique (Snee 1977). In this study, k=5 

has been chosen. Goodness-of-fit validation statistics are averaged for the five validation subsets. In particular, 
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model performances are evaluated by computing the following validation indices, namely coefficient of 

determination (R2), root mean square error (RMSE), relative RMSE (RRMSE), and Lin’s concordance 

correlation coefficient (pc) (Lin 1989), as reported in the following equations: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛
∑(𝑥𝑖 − 𝑦𝑖)2

𝑛

𝑖=1

 

𝑅𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

𝑋̅
 

𝑝𝑐 =  
2𝜎𝑥,𝑦

𝜎𝑥
2+𝜎𝑦

2 + (𝑋̅ − 𝑌̅)2 
 

 

Where 𝑥𝑖 and 𝑦𝑖 are respectively the observed and estimated variables, 𝑋̅ and 𝑌̅ are respectively the average 

of the observed and estimated variables, 𝜎𝑥,𝑦 the covariance between the observed and estimated variables, 

and 𝜎𝑥
2 and 𝜎𝑦

2 are the variance of observed and estimated variables, respectively. The R2 offers insights into 

the strength of the relationship between two sets of data, even if they are not perfectly aligned on the 1:1-line. 

To identify this misalignment, Lin’s concordance coefficient (pc) specifically quantifies the displacement of 

the estimated value from the 1:1-line in a scatterplot. A higher pc indicates greater concordance, reflecting the 

extent to which estimated values align with observed values. 

 

3. RESULTS AND DISCUSSION 

3.1 MLRAS SELECTION 

The cumulative variance reached 99.95% yet at 6 components for all the estimated variables (Supplementary 

material, S1). The number of PCs chosen for each MLRA is reported in Table 2. Although all the MLRA 

excelled in the estimation of the respective variables, the best model was selected based on RRMSE, and pc. 

These criteria led us to choose SVRD-AGB, PLSR, GPR, and SVR as the best models for the estimation of AGB, 

N uptake, LAI, and NNI, respectively (Table 2). Similar findings were also reported by Verrelst et al. (2015b), 

Berger et al. (2020b), and Liu et al. (2022). 

  

Table 2 Validation statistics of the models after choosing the optimal number of principal components (PCs) 

 Algorithm PCs RMSE RRMSE R2 pc 

 

AGB 

PLSRD-AGB 5 0.524 20.31 0.937 0.967 

SVRD-AGB 12 0.499 19.36 0.943 0.970 

GPRD-AGB 14 0.552 21.40 0.93 0.965 

 

N uptake 

PLSR 5 12.88 21.79 0.929 0.963 

SVR 6 14.13 23.91 0.917 0.953 

GPR 8 13.89 23.50 0.918 0.956 

 

LAI 

PLSR 5 0.296 19.03 0.927 0.962 

SVR 6 0.290 18.69 0.929 0.962 

GPR 6 0.284 18.29 0.932 0.964 

 PLSR 5 0.119 15.27 0.586 0.756 

NNI SVR 8 0.079 10.18 0.795 0.889 

 GPR 10 0.088 11.32 0.746 0.861 
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Although GPR can overcome the saturation effect at higher LAI values, as remarked by Verrelst et al. (2015b), 

LAI retrieval is often affected by the saturation phenomenon at values >3 (Zhao et al., 2012). However, in this 

study, no saturation was experienced (Supplementary material, S2), and LAI values ranged up to values below 

4. A follow-up analysis would be required to assess the behavior of GPR in LAI estimation at late growth 

stage. 

 

3.2 AGB RETRIEVAL WITH DIRECT AND INDIRECT APPROACH 

While the direct and indirect retrieval of AGB has been widely explored in literature (Tao et al. 2020; Dong et 

al. 2020; Liu et al. 2022; Wocher et al. 2022), fewer studies were conducted to assess the impact of the retrieval 

approach on the estimation performances (Kayad et al. 2022). Empirical relationships between LAI and AGB 

of tomatoes were developed at each growth stage in the present study (Supplementary material S3). The partial 

F test was used to investigate whether N treatment could affect such relationships at the different phenological 

stages. The full model, where the AGB was estimated by a multivariate linear model of LAI and N treatment 

(AGB=f(LAI+N treatment)), was compared with the less complex reduced model, where N treatment was not 

included as a predictive variable. N treatment exhibited a significant effect only at 531 and at 640 GDDs 

(Supplementary material, S4), meaning that the more complex full model should be preferred. Therefore, the 

lower N rates (N0+N20) were pooled together, and the same was done for the higher N rates (N60+N100). 

According to the Partial F test, N60 and N100 can be merged in the higher N treatments at both growing stages, 

while N0 and N20 can be merged in lower N treatments only at 640 GDDs (data not shown). Therefore, at 640 

GDDs the resulting combined model (AGB=f(LAI+ lower N, higher N)) was tested in comparison with the 

reduced model, and was chosen as it is less complex (see Supplementary material, S5). 

Again, at 531 GDDs the lower N rate treatment cannot be merged (data not shown), as a significant effect of 

the N0 and N20 treatments exists in the linear regression between AGB and LAI. Despite these results and our 

awareness of the limits of a model as such, we decided to adopt the reduced model at 531 GDDs to facilitate 

the subsequent modeling approach. 

As processing tomato is a fertigated crop, N fertilizer can be supplied at any moment of the growing season. 

Thus, to allow for N recommendation along the entire growing season, the slopes and the intercepts of each 

LAI-AGB model were modeled with the cumulative GDDs. This procedure generated different models for 

lower N rates and higher N rates conditions. The analysis revealed that slopes and intercept varied along GDDs 

according to an exponential and linear function, respectively (Fig. 2a and 2b), confirming that the empirical 

relationships between LAI and AGB are growth-stage specific (Houles et al. 2007). The slope models show a 

similar trend among N conditions (Fig. 2a), but the main differences are observed for the intercept model. In 

particular, a downward translation of the fitted intercept is observed for higher N treatment, indicating that the 

AGB is lower in comparison with plants grown under lower N rates at a given leaf area (Fig. 2b). Such a 

difference can be explained by a varying specific leaf area (SLA, leaf area per unit of mass) among different 

N treatments, which is an indicator of leaf thickness. Severely N-stressed plants may exhibit thicker leaves 

and, therefore, a higher mass per unit area, as already observed in tomato (Scholberg et al. 2000) and in pepper 

plants (de Ávila Silva et al. 2021). 
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Fig. 2 Empirical models developed to estimate the slope (a) and intercept (b) of the linear relationship between LAI and AGB as a 

function of growing degree days. Lower N rates represents the combination of N0+N20 experimental treatments, while higher N rates 

is the combination of N60 and N100 treatments. The pattern of R2 is reported as well (c). 

 

Furthermore, the coefficient of determination of relationships between LAI and AGB was reduced by the 

increase of GDDs (Fig. 2c), probably because they are gradually noised by the fruit’s development. The 

equations derived from Fig. 2a and Fig. 2b were used to infer the linear models that relate the LAI to AGB. In 

turn, they were used to indirectly estimate the AGB from the LAI retrieved by the GPR model. Although 

SVRD-AGB proved to be the best model for the direct AGB estimation, the indirect AGB retrieval adopted by 

the GPR model enabled a more accurate estimation of LAI. For a fair comparison, the GPRInd-AGB model was 

compared with the respective GPRD-AGB (Fig. 3). The indirect estimation of AGB outperformed the direct AGB 

estimation approach (Table. 3). More specifically, the RRMSE in the GPRInd-AGB reduced by about -14% as 

opposed to GPRD-AGB. (Table 3). Furthermore, the pc increased in the indirect approach, indicating a greater 

agreement between the measured and estimated values (Lin 1989). However, it is noteworthy that a potential 

decline in accuracy may occur throughout the growing season (Fig. 2c). 

The estimation of AGB is of utmost importance in crop monitoring and does not rely only on N management 

but also plays an important role in predicting crop yield (Liu et al. 2022). However, the direct estimation of 

AGB utilizing MLRAs from spectral reflectance requires ground data for the model’s training stage. 

Conversely, LAI is by far the most retrieved biophysical crop trait through RTM inversion, where fewer ground 

data are needed for the validation stage. 

 

Table 3 Performances of Indirect AGB retrieval (Ind-AGB). The percentage difference as compared with the direct estimation 

approach (D-AGB) is reported 

Approach Algorithm RMSE RRMSE NRMSE R2 pc 

 PLSRInd-AGB 0.498 19.3 7.24 0.94 0.97 

Indirect  SVRInd-AGB 0.495 19.2 7.20 0.94 0.97 

AGB GPRInd-AGB 0.472 18.2 6.87 0.95 0.97 

∆% PLSRInd-AGB -4.91 -4.92 -4.88 +0.96 +0.51 

in relation SVRInd-AGB -0.91 -1.07 -0.863 +0.31 +0.20 

to direct retrieval GPRInd-AGB -14.61 -14.52 -14.45 +2.25 +0.93 
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Fig. 3 Validation set of GPRD-AGB (a) and GPRInd-AGB (b) retrieval models. The vertical bars represent the standard deviation estimated 

by the GPR model. The percentage error is reported as a function of the measured AGB for both retrieval approaches (c). 

 

Further details related to RTM-based retrieval methods are reported in Verrelst et al. (2015a). The notable 

relationship between LAI and AGB (Houles et al. 2007) allowed for the indirect estimation of the biomass. 

Although the indirect estimation of AGB from the retrieved LAI is not a new concept (Houles et al. 2007), to 

the best of our knowledge, only Kayad et al. (2022) compared the estimation performances of the direct versus 

indirect approach to AGB estimation in maize. The authors reported that the direct AGB estimation from 

spectral vegetation indices outperformed the indirect approach where AGB was retrieved from an empirical 

equation with the LAI inverted from an RTM. However, such discrepancies with the current study could be 

due to the non-destructive monitoring of LAI in the maize field, which may have penalized the indirect AGB 

retrieval in their study (Klingler et al. 2020). Additionally, the reduced performance of LAI inversion from the 

RTM (R2=0.50) was a contributing factor.  

In our study, LAI was estimated with high accuracy with generally improved performances in comparison to 

AGB models (Table 2), probably due to the higher correlation of leaf pigments per area to the reflectance in 

the visible spectrum (Kattenborn et al. 2019). An elegant approach to indirect AGB estimation in corn, winter 

wheat, and barley, is proposed by Wocher et al. (2022) where the AGB is retrieved through the simultaneous 

inversion of the equivalent water thickness (Cw), leaf dry matter content, and LAI, using a GPR model in a 

hybrid workflow. Despite the distinctive accuracies obtained in their study (R2 = 0.80), it is noteworthy that 

the AGB did not account for fruit organs “as radiation is limited in penetrating thick tissues of plant fruit 

organs”. A similar conclusion was reported by Berger et al. (2020b), who identified fruit organs as an obstacle 

to N uptake retrieval in maize and wheat. Here, spectral campaigns were acquired during green fruit 

enlargement (BBCH 704, 706, and 708) that were, therefore, exposed to the field of view of the sensor, thus 

penalizing the direct AGB retrieval. Since green fruits contribute to photosynthesis (Xu et al. 1997), their 

reflectance could be partially confused with that of the leaves. Therefore, the degree to which the AGB retrieval 

accuracy would be affected during the fruit’s ripening stage remains questionable, as tomato reflectance can 

be influenced by the presence of red fruits (Gianquinto et al. 2019). 

Despite the general improved performance of the indirect AGB retrieval, the percentage error of the estimate 

was computed and plotted against the measured biomass. It is noteworthy that for AGB values below 1 t ha-1 

the percentage error of the estimate is significantly increased in absolute values for both AGB retrieval 

approaches (Fig. 3c), suggesting that soil background still disturbs crop reflectance, resulting in diminished 

estimate accuracy (Gnyp et al. 2014). While the percentage error is centered around 0 for GPRD-AGB, a 
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significant underestimation is observed for GPRInd-AGB, which is associated with the estimated intercept needed 

to build the GPRInd-AGB model (Fig. 2b). The estimated intercept, assuming negative values at the early stage 

of the growing season (Fig. 2b), leads to an estimate of the biomass that even falls below 0 (data not shown). 

Based on the presented results, there is the potential for incorporating indirect AGB estimation into the 

development of DSS for precision nitrogen management, although the estimation at early growth stages turns 

out to be unreliable. Caution is advised in the creation of empirical relationships between LAI and AGB. The 

inclusion of SLA is desirable and might provide further improvements to the indirect AGB estimation (Li et 

al. 2023). 

 

3.3 SIMULATION OF DYNAMIC N FERTILIZATION BASED ON UAV SPECTRAL DATA 

Based on the selected MLRAs, we explored two approaches addressing the optimal management of N fertilizer 

(Nup-App) and NNI-App (Table 4). Although SVRD-AGB presents itself as the best model for direct AGB 

retrieval (Table 2), the GPRD-AGB is also explored to ensure a fair comparison with the GPRInd-AGB and better 

clarify the effect of the AGB retrieval approach in the overall N management. For each N management 

approach, the assessment was carried out in two steps: i) definition of the optimal time for N fertilizer supply, 

and ii) calculation of the optimal N rate. 

 

Table 4 Retrieval models tested under two different approaches for N rate calculation 

N uptake approach NNI approach 

SVRD-AGB – PLSRNupt SVRD-AGB – SVRNNI 

GPRD-AGB – PLSRNupt GPRD-AGB – SVRNNI 

GPRInd-AGB – PLSRNupt GPRInd-AGB – SVRNNI 

 

3.3.1 Definition of the optimal moment for N fertilization 

The classification of the crop N status (“To be fertilized” or “To not be fertilized”) is reported in Table 5 for 

the different approaches. Most of the False Positive and False Negative errors are associated with the higher 

N treatments, which was expected as these experimental treatments were close to the trigger threshold (critical 

N uptake curve, or NNI=0.9), therefore the probability of misclassification is increased. Although the sample 

size of the higher N rate set (n=38) is not large enough to provide extensive arguments, some trends can be 

highlighted. The AGB estimation approach did not yield tangible differences in the classification of the N 

status. Furthermore, the NNI-App yielded the highest classification accuracy in comparison with the Nup-App 

(21% vs. 33.3% on average, respectively). This result makes sense, as in the Nup-App, the classification error 

depends on two sources of errors related to the simultaneous estimation of the AGB and N uptake, resulting in 

a higher cumulative error compared to the NNI-App. In the latter approach, the classification error of the N 

status depends only on the NNI model and is approximately equal to the residual variance not explained by 

the SVRNNI model (equal to 1-R2). Further assessments are recommended with a larger dataset. 
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Table 5 Classification of crop N status according to the N rate estimation approaches performed on the validation set. Data are classified 

as True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN). The table also reports the percentage error 

(ε%) of misclassification (FP+FN) for higher N rates (N60+N100) and for lower N rates (N0+N20). 

 

 

 

 

 

3.3.2 Calculation of the optimal N rate 

The optimal N rate (eq. 1) has been calculated only for the detected positive cases (TP and FP), both for the 

full dataset and for higher N treatments for a better simulation of the model performances under field 

conditions. The Nup-App underperformed when compared to the NNI-App for each pair of models under 

assessment (Fig. 4). Here, the presence of outliers penalizes the estimation performances of the optimal N rate, 

increasing the RRMSE, and reduces the agreements between the measured and estimated N rate as shown by 

the rather low pc (Lin 1989). Such outliers are associated with the misclassification of the crop N status which 

increased the frequency of false positive cases in the Nup-App (Table 5). According to the presented results, 

the NNI-App is more adequate than the Nup-App in estimating the optimal N rate from the remotely sensed 

spectral reflectance. Similarly, Berger et al. (2020b) encountered challenges in estimating N uptake during the 

late growth stage due to the presence of fruit organs in corn, which aligns with our preference for the NNI-

App. In this context, the direct estimation of AGB using the GPR model demonstrated a superior performance 

compared to other model combinations. However, indirect AGB retrieval is promising for its integration in N 

management strategies as an alternative to direct retrieval, especially when only limited AGB ground data are 

available, as indicated by the optimal pc and R2 values (Fig. 4f). Notably, LAI inversion through RTMs requires 

only a small dataset for validating the GPR algorithm (Verrelst et al. 2015b). Given that tomato growth follows 

an exponential trend from the development of the seventh leaves (approximately from 20 DAT), early growth 

stages play a crucial role in N management (Farneselli et al. 2015). Nevertheless, when adopting the NNI-App, 

a high Relative Root Mean Square Error (RRMSE) of 36% persists in N rate estimation (Fig. 4e). This can be 

attributed to the significant error associated with AGB estimation in the early stages up to 30 DAT (Fig. 3c), 

which also affects the accuracy of N rate estimation (data not shown). Excluding observations from the first 

two early growth stages reduces the RRMSE to 28% for GPRD-AGB/SVRNNI and 33% for GPRInd-AGB/SVRNNI, 

making it sufficiently accurate for N rate management. Thus, optimal N management strategies during early 

growth stages should focus on alternative techniques that ensure critical N uptake until AGB≈1 t ha-1 

(equivalent to 45.3 kg ha-1 of N). A starter fertilization between 20 and 40 kg ha-1 after the transplant might be 

adequate to allow the crop to overcome the first critical stage (approximately up to 35 DAT). After that, the 

dynamic management of N guided by hyperspectral sensors can be adopted. 

 

N rate  Higher N rates Lower N rates 

approach Algorithms TP TN FP FN ε% TP TN FP FN ε% 

N uptake  SVRD-AGB ; PLSRNupt 15 12 6 5 28.9 39 1 0 0 0 

N uptake  GPRD-AGB ; PLSRNupt 13 11 9 5 36.8 37 1 2 0 5 

N uptake  GPRInd-AGB ; PLSRNupt 15 10 7 6 34.2 33 0 6 1 17.5 

NNI  SVRNNI 18 12 4 4 21.0 37 1 1 1 5 
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Fig. 4 Scatterplots of N rate estimated adopting the Nup-App (a, b, c) and NNI-App (d, e, f). Red equation refers to higher N rates 

treatments, while the blue equation refers to the full dataset. The different scatterplots refer to the following approaches: a SVRD-

AGB;PLSRNupt, b GPRD-AGB;PLSRNupt, c GPRInd-AGB;PLSRNupt, d SVRD-AGB;SVRNNI, e GPRD-AGB;SVRNNI, f GPRInd-AGB;SVRNNI 

 

To the best of our knowledge, this is the first UAV-based study where the N rate is estimated by exploiting the 

full crop reflectance spectrum with nonparametric methods. While previous efforts by various authors have 

aimed to estimate optimal N rates from reflectance data, they typically relied on monitoring vegetation indices 

(Sharf and Lory 2009; Cilia et al. 2014, Wang et al. 2021, Lu et al. 2022). Accordingly, to the methodology 

employed in the current study, Cilia et al. (2014) also determined the N rate following the estimation of NNI. 

Their methodology involved the remotely estimated AGB and estimated crop N concentration using empirical 

relationships with vegetation indices calculated from hyperspectral reflectance and derived NNI, N uptake, 

and N rate accordingly. While no specific metrics were provided to assess the error associated with the 

estimated N rate, the performance of AGB and NNI estimations in our study, with R² values of 0.94 and 0.80, 

respectively, exceeded those achieved in the study conducted by Cilia et al. (2014), where corresponding R² 

values were 0.80 and 0.70, respectively. Relying on vegetation indices (as in Cilia et al. 2014) rather than 

exploiting the full spectrum is limited in biophysical retrieval, as it may fail to include the hidden variability 

(Chlingaryan et al. 2018). In this regard, in our estimation models, the number of PCs was chosen to include 

at least the 99.95% of the cumulative variance, meaning that the models consider also the variance within the 

experimental treatments. This means that in real field conditions, the estimation models could estimate even 

the spatial variability of the field, finding application even for site-specific management. Verrelst et al. (2011b) 

demonstrated that, even when used as input data in a GPR algorithm, vegetation indices do not improve the 

prediction accuracy compared to using individual spectral bands. Rather, if only a few bands are available, up 

to a minimum of four, GPR trained by original bands still yields superior results as opposed to vegetation 

indices, which makes the algorithm ideal for multispectral monitoring (Verrelst et al. 2011b). In addition, the 
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estimation accuracy of NNI is significantly enhanced by combining multispectral sensor data with soil, 

weather, and management practices, thereby improving the ability to generalize the N rate estimates to broader 

environmental and management conditions (Wang et al. 2021, Lu et al. 2022). Nonetheless, besides the single-

year location of the present study, the estimate of uncertainty provided by the GPR algorithm (standard 

deviation and coefficient of variation) can be used to trust the spatiotemporal portability of the model, as 

remarked by Verrelst et al. (2013). 

 

4 CONCLUSIONS 

In this study, we demonstrated that utilizing GPR and SVR to estimate AGB and NNI by exploiting the full 

reflectance spectrum enables the determination of the optimal N rate for processing tomatoes. The indirect 

approach to estimating AGB is an alternative solution to the direct AGB estimation when ground data are not 

available. However, optimization of empirical regressions that link LAI and AGB is required, for instance, 

including the specific leaf area (see section 3.2). Given the importance of N management at the early growth 

stages, further research is needed to improve AGB estimates when the soil coverage is low and the soil 

disturbances make the AGB estimate unreliable, e.g., using LiDAR technology. Excluding soil pixels might 

improve the estimation performances, but further research is needed. Also, using NNI to classify the crop to 

be fertilized did not yield the best results when compared to the Nup-App to reproduce the critical N dilution 

curve virtually: the latter approach suffers from a double source of error associated with the estimation of N 

uptake and AGB. Moreover, the NNI-App emerged as the most effective in estimating the optimal N rate, 

although the high error experienced at AGB<1 t ha-1 suggests that it cannot be adopted in precision N 

management schemes at early growth stages. As early stages are the most critical for N fertilization of 

processing tomato, follow-up studies are needed to explore potential solutions. Furthermore, it remains 

uncertain if spectral imaging can accurately support N rate estimation at the late growing season during fruit 

ripening in processing tomato. Alternative approaches for estimating the N rate can be explored (e.g., see Li 

et al. 2022 for more examples). Lastly, the present dataset was generated on a single location and in a single 

year, therefore, the model portability to other farming conditions might be limited. Validation under real field 

conditions is essential before assessing the efficacy of this approach for scheduling in-season N rates in field 

trials. 
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SUPPLEMENTARY MATERIALS 

 

 

S1 MLRAs performances (RRMSE) as a function of the number of principal components included. The red arrows indicate the number 

of PCs selected 
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S2 AGB, N uptake, LAI, and NNI, estimated by the respective estimation models by PLSR, SVR, and GPR algorithms 

 

 

S3 Linear relationships between LAI and AGB at each growth stage 
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Year GDD Model AIC RSS df F p-value   

    Full -274 0.007 43       

2023 268 Reduced -277 0.007 46       

    Partial F test     0.998 0.403 ns 

    Full -181 0.05 43       

2023 377 Reduced -180 0.057 46       

    Partial F test     2.2 0.101 ns 

    Full 34.05 4.449 43       

2023 531 Reduced 38.95 5.584 46       

    Partial F test     3.654 0.019 * 

    Full 59.24 7.51 43       

2023 640 Reduced 70.8 10.84 46       

    Partial F test     6.33 0.001 ** 

    Full 117 25.44 43       

2023 772 Reduced 116 28.37 46       

    Partial F test     1.653 0.191 ns 

    Full 60.84 7.78 42       

2022 598 Reduced 59.69 8.625 45       

    Partial F test     1.521 0.223 ns 

    Full 177 87.57 43       

2022 860 Reduced 174 94.37 46       

    Partial F test     1.112 0.354 ns 

 

S4 Assessment of empirical models (full and reduced) according to the Partial F Test. Akaike Information Criterion (AIC), Residual 

Sum of Square (RSS) and degree of freedom (df) are reported. 
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Chapter 7 

 

Q&A - RESEARCH ANSWERS (A) 

 

Q1. To what extent does dynamic N fertigation, guided by GVI thresholds, impact the agronomic, 

economic, and environmental efficiency of fertilization in processing tomatoes? 

A1. Depending on the specific strategy employed, dynamic N fertigation can optimize N inputs and achieve 

up to 38–60% savings in N fertilizers without depleting tomato yields. This aligns with the objective of the 

European Farm to Fork strategy, which targets a 20% reduction in N fertilizer use by 2030. The approach using 

an in-season, well-fertilized reference plot proved to be the least efficient for optimizing N inputs. In contrast, 

strategies based on absolute GVI thresholds performed best, reducing N inputs by 70-90 kg N ha⁻¹. Dynamic 

N fertigation also enhanced nitrogen use efficiency, lowered fertilization costs per unit of marketable yield, 

and decreased greenhouse gas emissions associated with fertilization. Additionally, it reduced the number of 

fruits per plant and increased the fruit size and sugar content, resulting in improved fruit quality. However, the 

effectiveness of these threshold models under varying conditions – such as different cropping systems and soil 

moisture levels – remains largely unexplored. 

 

Q2. Can the optimal GVI profile along growing degree days (GDDs) monitored in well-fertilized 

tomatoes from a previous year serve as an effective threshold model for optimizing nitrogen inputs? 

A2. Monitoring the GVI in previous seasons under well-fertilized conditions presents a promising strategy for 

developing GVI thresholds to optimize N fertilization. This method shows comparable agronomic 

performance, in terms of yield and nitrogen use efficiency, to threshold models based on the linear-plateau 

approach. Further analysis is required to evaluate the technical and economic feasibility of scaling this strategy 

to satellite platforms, especially to evaluate its potential for application in commercial farms, and to better 

understand the seasonal variability of the GVI profile. This methodology can allow for the generation of 

location-specific VI threshold models, addressing the main limitation associated with the inherent low 

transferability of vegetation indices. 

 

Q3. Can the N balance sheet be integrated into GVI threshold models to recommend the optimal N rate? 

A3. Integrating the N balance sheet is a simple and computationally efficient method to calculate the optimal 

N rate when an N fertigation is suggested by dynamic N strategies. However, the main drawback lies in the 

uncertainty of estimating potential yield, which introduces variability into the accuracy of N recommendations, 

which makes this method potentially uncertain. As recommended by the scientific community (Houles et al. 

2007; Silva et al. 2023), crop models offer a more accurate alternative, but such approaches are more 

computationally demanding. Thus the balance sheet method remains a scientifically sound and straightforward 

solution that can effectively reduce the risk of N oversupply. Moreover, this approach requires the knowledge 
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of the daily N uptake rate (kg N ha-1 d-1) at different growth stages. Such data, however, may not be available 

for other crops. 

Q4. Is simple parametric regression adequate for estimating the aboveground biomass (AGB) of 

processing tomatoes from vegetation indices? 

A4. Simple linear regression is not a suitable approach to estimate the AGB in processing tomatoes. The 

coefficient of determination (R²) between AGB and vegetation indices (VIs) varies significantly depending on 

the phenological stage, with lower values observed at early and late growth stages. Furthermore, to be usefully 

adopted in dynamic N fertigation schemes, the AGB should be estimated along the entire growing season, and 

not only at specific growth stages. While an approach to estimate AGB throughout the growing season was 

developed using the slope and intercept of linear models based on growing degree days (GDDs), it lacked 

sufficient accuracy to effectively guide dynamic N fertigation in processing tomatoes. Therefore, more 

advanced modeling techniques are recommended. 

 

Q5. Can incorporating agroclimatic data, such as GDDs, alongside reflectance measurements enhance 

the estimation of aboveground AGB in processing tomatoes? 

A5. Integrating agroclimatic data (e.g., GDDs) in reflectance measures can improve the estimate of the AGB 

in processing tomatoes. Including the GDDs to develop an novel vegetation index (cIGVI) is a form of data 

fusion from multiple sensor sources, that allows the estimation of AGB along the entire growing season and 

overcomes the limitations of relying solely on GDDs for estimating crop growth. Indeed, relying solely on 

GDDs does not account for the impact of nitrogen status in biomass accumulation. Today decision support 

systems like VegSyst can accurately estimate crop biomass using weather data and crop models. This finding 

suggests that including reflectance data in such models might further improve estimation accuracy. 

 

Q6. Are non-parametric regression approaches (MLRAs) adequate for estimating AGB and N uptake, 

as well as for initializing the Critical Nitrogen Uptake Curve (CNUC) using hyperspectral data? 

A6. MLRAs are effective statistical tools for obtaining accurate crop biophysical characteristics. However, 

when the N uptake and AGB are predicted to initialize the CNUC, the resulting inaccuracy (RRMSE=85-

121%) makes this technique unsuitable for use in real agricultural conditions. In contrast, when N uptake is 

estimated indirectly using the NNI approach (combining NNI and AGB), the error is reduced to acceptable 

levels (RRMSE = 36-42%). This evidence shows that, while crop variables, such as biomass and nitrogen 

content, may be retrieved with high accuracy (R2>0.9). However, the error associated with the N rate 

estimation obtained by initializing the crop model is heavily dependent on the approach chosen. Furthermore, 

it should be stressed that the hyperspectral reflectance cannot be used during early development stages, as the 

soil background has a significant impact on the retrieval accuracy and provides an unreliable estimation of the 

N rate. Based on our findings, we recommend initializing the CNUC when the estimated AGB exceeds 1 t ha-

1, approximatively 30 days after transplanting. 

  



 

112 
 

Q7. Is it possible to indirectly estimate the AGB from the leaf area index (LAI) obtained through 

hyperspectral reflectance measurements? 

A7. The AGB can be accurately estimated with empirical regression from the LAI retrieved from the 

hyperspectral reflectance. Our study was the first to show that estimating AGB using the LAI as an 

intermediate variable performed even better than the direct AGB estimation approach. This finding is of utmost 

importance as the LAI is among the most retrieved variables from remote sensing platforms, as it is a state 

variable that can be easily inverted from radiative transfer models (RTMs). Since RTMs are gaining popularity 

among the scientific community, especially in combination with hybrid workflow with machine learning 

algorithms, our finding represents a bridge to derive the optimal N rate from the remotely sensed LAI. 

However, establishing robust empirical relationships between LAI and AGB is essential: in this regard, 

incorporating the specific leaf area (another variable retrievable through RTMs) could further improve AGB 

estimation from the LAI and warrants further investigation. 

 

Q8. What are the optimal parameters to retrieve for initializing the CNUC among AGB, LAI, N uptake, 

and NNI? 

A8. AGB and NNI are the optimal parameters for initializing the CNUC. The NNI ensured a better 

classification of crop N status. Combining N uptake with AGB to classify crop N status increased 

misclassification due to the compounding of errors from both parameters. Consequently, the lower error 

detected in the NNI approach was also reflected in a better estimate of the N rate. It is important to emphasize 

that the performances of the NNI approach are dependent on the accuracy of the NNI retrieval model, though 

the minimum accuracy required for such models to yield satisfactory outcomes is currently unknown. 

However, we recognize that expertise in data collection and data processing, as well as the cost of the sensor, 

hinders the adoption of hyperspectral reflectance. In our retrieval model, we needed to reduce the 

dimensionality of the bands to 6-10 principal components. Future research should assess whether the spectral 

bands available in open-access satellites (Sentinel 2) are sufficient to achieve comparable results. Additionally, 

identifying the minimum number of key spectral bands needed for comparable accuracy should be explored. 
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LIMITATIONS AND FUTURE PERSPECTIVES 

 

The GVI threshold models were validated in two field experiments and two different locations. However, 

empirical models might suffer from reduced spatiotemporal variability, especially if simple vegetation indices 

are used. Although the agronomical efficacy of such models was demonstrated (see Chapter 3), hidden 

variables may affect the portability to different pedoclimatic conditions. Our validation trials were carried out 

in two silty soils, as was done for the trials realized for the threshold model development. The validity of GVI 

threshold models across different soil types is, therefore, questioned. Also, cultivars might affect the GVI 

pattern across the growing season, as different plant architecture (Pinter et al. 1985) or leaf chlorophyll 

concentration (Singh et al. 2017) can impact the reflectance. Understanding the effect of these variables needs 

to be considered in future research, and calibrating the empirical model for specific growing conditions is 

recommended before adopting these strategies in commercial farms. A potential solution consists of 

monitoring the GVI in previous growing seasons since the same agronomic efficiency can be reached as linear-

plateau threshold models, as demonstrated in this thesis (Chapter 3). Open-access satellites (e.g., Sentinel 2) 

permit the monitoring of GVI patterns over past growing seasons contributing to build location-specific 

models, but the seasonal variability must be assessed. Some authors found that the inclusion of agroclimatic 

data (GDDs) is a potential solution to allow for spatiotemporal transferability (Li et al. 2022). Plotting the GVI 

along alternative timescales, instead of the GDD, can be evaluated as well: cumulative potential 

evapotranspiration (ET0, González-Gómez et al. 2018), or the photothermal time (Zeng et al. 2016; Zhou et al. 

2020), are timescales that can be considered for future research. Not only the agroclimatic data (GDD) can be 

used as a timescale for the GVI pattern, but also, they can be used to build novel vegetation indices that can 

improve the monitoring of crop traits. In this thesis, parametric nonlinear regression was used to estimate the 

biomass from the cumulative integral GVI (Chapter 5). However, some studies found that utilizing the raw 

reflectance data, instead of calculating vegetation indices, can improve the estimation performances if machine 

learning algorithms are used (Verrelst et al. 2011). It can be proposed, therefore, to deepen the research of data 

fusion approaches from different sensor platforms. Fusing reflectance raw data with different agroclimatic data 

in a machine learning framework can improve the monitoring performances of some crop traits, and then 

resulting in better accuracy also for precision N management. The monitoring of crop traits is particularly 

important for initializing the critical nitrogen uptake curve, which can support the user in calculating the 

optimal N rate. From one side we showed that the N balance sheet can be integrated into the GVI threshold 

models with more than acceptable operative performances (Chapter 3). On the other side, its use is debated as 

it is considered an obsolete tool (Ravier et al. 2016), and crop models (e.g., critical N uptake curve) should be 

preferred. This implies that further efforts must be made to generate solid regression models to initialize the 

crop model. Indeed, large datasets must be generated for the training and validation, both using parametric and 

nonparametric approaches (e.g., machine learning). This can potentially slow down the time required for the 

models development and their implementation in commercial farms. Better results in crop trait estimates are 

achieved using machine learning and hyperspectral sensors, as was expected (Chapter 6). Notwithstanding, the 

high cost of hyperspectral sensors is probably the main limitation for their direct use in farms, in addition to 

the large dataset required. However, when hyperspectral bands are used, the use of dimensionality reduction 

algorithms is imperative to avoid the curse of dimensionality. We found that around 6-12 principal components 

are sufficient to explain more than 99.95% of the variability. We can, therefore, hypothesize that a reduced 

number of bands is sufficient to get similar estimation performances. Identifying the key bands to ensure 
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comparable estimation performances is crucial, and may address sensor manufacturers to produce effective 

sensors at lower cost. In this framework it appears important to test also the spectral bands made available by 

Sentinel 2, being a free-access satellite. However, the requirement of a large dataset remains a barrier. In this 

regard, RTMs are a potential opportunity to accelerate the regression model development for crop traits 

monitoring, and then initialize the critical dilution curve. First of all, as RTMs are a physical-based approach, 

they ensure better transferability over time and space. Second, if associated with machine learning in hybrid 

workflows, a smaller in-situ validation dataset can be generated just for the model validation. Indeed, the data 

required for the model training are automatically generated (i.e., simulated) from the RTM. Despite this, the 

accuracy of the N rate resulting from the initialization of the CNUC from crop traits retrieved by RTMs must 

be assessed for precision N management. 

Besides such technical limitations, it is essential to highlight the difficulties of increasing the acceptability of 

reflectance sensors by farmers. Multiple factors hinder the adoption of precision agriculture techniques, 

including the perceived profitability, and the need to use a computer (Tey and Brindal 2022). Although 

precision agriculture is, in general, profitable (Bucci et al. 2020; Diacono et al. 2013), we believe that the little 

know-how of operators is the first restraint. Dissemination events are needed to promote the diffusion of the 

know-how from research institutions (e.g., Universities, and research centers) to agricultural operators. Not 

only technicians and agronomists but also farmers must be involved: this is critical to get a higher acceptability 

of the technology proposed, and to get constructive feedback from the final users. Furthermore, user-friendly 

platforms should be developed. For instance, applications for smartphones that automatically inform the 

farmers of the operative output (e.g., N rate to be supplied) should be proposed, aimed at minimizing the 

interaction between the operators in running the models. 
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CONCLUSIONS 
 

Dynamic N fertigation guided by reflectance sensors presents a valuable opportunity to foster the target of 

reducing mineral fertilizers by 20%, as set by the European Farm to Fork strategy by 2030. Saving up to 38-

60% of N fertilizers, threshold GVI models are simple tools that can efficiently assist the N fertilization in 

open-field vegetables. At the same time, they can improve the fruit quality and optimize N use efficiency, 

fertilization costs, and GHG emissions. Upscaling this strategy in commercial farms requires, however, raising 

some considerations. First, the threshold models developed in this work were built from field trials under 

different N rates, making their development labor-intensive. Although these models have been validated at 

different locations and with different cultivars, finding alternative strategies to accelerate the development of 

GVI threshold models is necessary to boost the adoption of dynamic N fertigation in other crops. Furthermore, 

hand-held proximal sensors were used to develop the threshold models tested in this thesis, and their utilization 

in an extensive commercial farm is not feasible. At the same time, remote sensors are more suitable for larger 

fields, but the transferability of the VIs threshold models generated with proximal sensors is not 

straightforward. In this regard, developing GVI threshold models from satellites can be considered a useful 

opportunity. However, the low spatial resolution of the Sentinel 2 satellite (for the GVI it is about 10 m x 10 

m) does not allow the proper implementation of an experimental plot trial. Notwithstanding, we demonstrated 

that the GVI monitored in a well-fertilized crop in the previous growing season can be successfully used to 

drive the N fertigation, saving in N fertilizers application by 58%. This strategy can also be applied using 

satellite data, where reflectance from past growing seasons is accessible. This approach offers new 

opportunities to significantly reduce the time required to develop location-specific threshold GVI models, 

while addressing the inherent low transferability of vegetation indices across different regions. Despite this, 

future research needs to investigate the seasonal variability of the GVI profile from satellites before upscaling 

dynamic N fertigation in commercial farm conditions. The simplicity of this modeling approach, coupled with 

the availability of free-access satellite platforms, makes it a strong candidate for expanding precision N 

management not only among industrialized countries but also into marginal socioeconomic contexts, such as 

developing countries. In low-income countries, the use of N fertilizer is often low, and economic growth is 

likely to drive through an increase in N fertilizer demand. Implementing simplified approaches to dynamic N 

management can facilitate a swift transition toward sustainable intensification of N use, preventing excessive 

nitrogen application. However, this effort must deal with the fragmented nature of farms typical of such 

agricultural systems. Although precision N management techniques based on threshold GVI curves are 

promising, their widespread adoption will require support from public extension services, and the promotion 

of technical know-how among farmers and local technicians is crucial to boost their successful diffusion. The 

main drawback of the GVI threshold curve is the scarce information provided about the optimal N rate. We 

demonstrated that integrating a N balance sheet can help define the optimal N rate in a dynamic fertigation 

framework. Although critiques might be raised on how the potential yield is defined to initialize the algorithm, 

the balance sheet methods represent a scientifically sound and a low-computational demanding approach to 

define the N rate when the N fertigation is recommended by the GVI threshold model. Ideally, the calculation 

of the optimal N rate should be based on crop models, and the critical N uptake curve represents the most 

adequate one. In this regard, the AGB and the N uptake (or the NNI) are the input parameters to be retrieved 

to initialize the model. Simple statistical approaches, such as those based on parametric regression with 

multispectral reflectance data (e.g., VIs) are not accurate enough to retrieve the crop traits of interest unless 
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agroclimatic data (e.g., GDDs) are included in the statistical model. Computational demanding approaches, 

such as those based on non-parametric regression (i.e., machine learning) and hyperspectral reflectance, are 

more efficient in retrieving the crop parameters needed to initialize the critical N uptake curve. However, the 

accuracy of the estimated N rate highly depends on the workflow adopted. We demonstrated that the workflow 

based on the estimation of the AGB and NNI, which in turn is used to derive the N uptake, is the best for 

accurate estimates of the N rate. Besides the workflow adopted, unreliable results are obtained at early growth 

stages (up to 30 days after transplanting) when the soil background affects the monitoring of the canopy 

reflectance. However, multiple drawbacks hinder the adoption of the approach based on machine learning and 

hyperspectral sensors. In particular, a large dataset to train the machine learning algorithm is required, and the 

high cost of the hyperspectral sensors hinders the adoption of this technology. Concerning this, we have shown 

that the AGB can be successfully estimated using empirical regressions from the LAI retrieved with the 

hyperspectral reflectance, opening new perspectives for indirect inversion of the AGB from the popular RTM 

methods. Indeed, RTMs permit the generation of enormous databases composed of simulated reflectance 

profiles. These can be used to retrieve the LAI from open-access satellites and contribute to abating the costs 

of sensor purchases. Then, a smaller dataset is required for the in-field validation. Developing empirical 

regressions that link the LAI with the AGB across the entire growing season completes the bridge from the 

RTMs to dynamic N fertigation. 


