
Contents lists available at ScienceDirect

Smart Agricultural Technology  

journal homepage: www.journals.elsevier.com/smart-agricultural-technology

Model for planning site-specific nitrogen fertilization of barley in northern 

conditions

Antti Halla a, ,∗, Liisa Pesonen b, , Jari Pohjola a, , Petri Linna a, , Tarmo Lipping a,

a Tampere University, Pohjoisranta 11 A, FI-28100, Pori, Finland
b Natural Resources Institute Finland (Luke), FI-00790, Helsinki, Finland

A R T I C L E I N F O A B S T R A C T 

Dataset link: https://

doi.org/10.5281/zenodo.16735443

Keywords:

Grain yield

N-uptake efficiency

Sensitivity analysis

Model validation

Decision support

Nitrogen is essential for crop cultivation. Understanding the nitrogen cycle and the factors contributing to the 
availability of nitrogen for the crops enables estimating the need for additional fertilizer inputs during the growing 
season. Several computational models have been proposed for this purpose. We propose an alternative approach 
that predicts crop nitrogen uptake from estimated site-specific nitrogen uptake efficiency and soil moisture. We 
measured the model accuracy to predict crop yield and nitrogen content in barley, using data collected from two 
test sites during multiple growing seasons. The model achieved index of agreement of 0.97 for yield prediction 
and 0.93 for absolute nitrogen content. A global sensitivity analysis was further performed on the model to 
describe how its outputs can be attributed to the model inputs, showing the most and least influential variables 
in the model.

1. Introduction

Nitrogen (N) has a central role in crop cultivation as its availability 
to the crop is strongly linked to crop yield and quality. Additional N is 
applied as fertilizer input to the crops during the growing season, either 
once in the beginning of the growing season, or in multiple stages. N has 
also an important role when considering the environmental footprint 
of crop production. It has been estimated that only 30--40% of the N 
available in soil can be utilized by the crops while significant amount is 
leached to waterways or emitted to atmosphere [1].

Nitrogen cycles both in inorganic and organic forms in soil, plants, 
animals and the atmosphere. Fig. 1, adopted from Engel [2], illustrates 
the main processes related to the N dynamics. In crop cultivation, the 
main direct sources that replenish the plant available nitrogen in soil 
are fertilizer inputs and N mineralization process.

Mineralization N mineralization in soil is a consequence of microbial 
activity. When estimating the mineralization rate during the growing 
season, attention must be paid to the factors that affect the microbial 
activity in the soil [3]. The most important factors are the source of 
energy, the availability of the microbe essential nutrients and water as 
well as environmental conditions such as temperature, aeration, redox 
potential and acidity [4].
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N fertilization Usually at a farm level, more nitrogen is taken out of 
the system as bio-products and losses than is returned by nutrient recy

cling, nitrogen fixation or precipitation from the atmosphere. In order 
to maintain high yields and economically meaningful production, nitro

gen among other nutrients is added to production system as fertilizers. 
Artificial nitrogen fertilizers, containing inorganic ammonium, nitrate, 
or urea, are the most commonly used sources of additional nitrogen in 
spring cereal cultivation in Finland. The amounts used vary typically 
between 60--170 kg/ha, depending on crop, its variety, soil type, soil 
organic matter content and the crop residues from previous year in soil. 
Manure and sludge are typically used at those farms where domestic an

imal husbandry is part of production. Fertilizing effect of manure differs 
slightly from artificial fertilizer, because in manure or sludge nitrogen 
is both in organic and inorganic form. Inorganic ammonium and ni

trate are immediately available to plants after application, while organic 
nitrogen and urea has to go through microbiological and chemical pro

cesses in order to be turned into the ammonium form. Therefore, manure 
or sludge has rather long-lasting fertilizing effect [5].

N uptake and yield formation The quantity and the quality of the grain 
yield respond strongly to nitrogen fertilization. Deficiency of nitrogen 
causes low yields and low grain protein content. Excessive nitrogen sup

ply can also lead to problems through luxury nitrogen uptake, which 
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Fig. 1. Schematic of the nitrogen cycle. The main sources of nitrogen for crops are fertilizers and the mineralization process. Part of the soil N is lost to atmosphere 
and through leaching. (Adopted from Engel [2]).

may cause poor grain quality and yield losses due to lodging [6--8]. The 
nitrogen uptake by the plant is not only dependent on the available ni

trogen in the soil but also on other growing factors, soil moisture content 
being the most important. Water is an essential medium in which nitro

gen is carried from the soil to the plant and further to different parts of 
the plant [9]. Sufficient soil moisture conditions are also needed for the 
mineralization process [10].

1.1. Modeling N dynamics in soil

There have been numerous efforts to model the N-related features of 
crop growth. A simple model for practical management guidance called 
HERMES was introduced [11] and later evaluated [12] by Kersebaum. 
The model employs convection-dispersion equations for the transport of 
nitrate and first-order kinetics for the mineralization effect containing 
submodels for denitrification and plant growth. The model run starts at 
the harvest of the previous crop. Input data on weather conditions, soil 
properties and management are required. When evaluated using data 
from 5-year crop rotation cycle, the model simulated the soil water and 
nitrogen mineral content with index of agreement (IA) above 0.8 and 
0.69, respectively. Above-ground biomass and N-uptake had IA of 0.93 
and 0.71, respectively. More recently the HERMES model, appended 
with a drain flow component, was used to show that when using winter 
rye as a cover crop, nitrate loss to subsurface drainage was reduced [13].

A revised version of HERMES, called MONICA (MOdel for NItrogen 
and Carbon in Agroecosystems), was introduced by Nendel et al. [14] 
and evaluated for crop growth, soil moisture, and nitrogen dynamics. 
The main modification compared to the HERMES model was the intro

duction of model components related to carbon cycle in soil and plant. 
The model was calibrated using data from 8 sites over the period of 
1992 to 2007. The performance of the calibrated model was evaluated 

based on experiments on 7 plots from 2 sites. While crop yield was es

timated with high accuracy (IA close to 1), the model performance for 
N-uptake, crop N concentration and yield N concentration varied a lot 
with IA less than 0.5 in many cases. The authors noted that the model 
often underperformed for variables related to nitrogen.

Probably the most common model developed for simulating N dy

namics is the Decision Support System for Agrotechnology Transfer 
model (DSSAT) [15] incorporating the Fertilizer application and Soil N 
modules. Cammarano et al. [16] used the DSSAT model to predict soil 
water content, soil mineral N, plant N, plant aboveground biomass, grain 
yield and grain N %. The 11-ha test field located in Scotland and grow

ing barley, was divided into 4 productivity zones based on long-term 
yield maps. It was found that the goodness of fit between the predicted 
and observed grain yield was excellent (overall IA of 0.97), however, 
more modest results were obtained for plant N (IA of 0.73) and grain N 
% (IA 0.52). In addition to the plant growth related features they also 
modeled the mean marginal net return taking into account the premium 
paid by the industry if the grain N % is in optimal range. Another target 
of their optimization effort was minimizing the nitrate leaching.

1.2. Outline of the paper

In this paper we introduce a somewhat different approach for sim

ulating N dynamics of crop growth. This is a process-based model that 
predicts crop nitrogen uptake from estimated site-specific nitrogen up

take efficiency and soil moisture. The primary purpose of the model 
is to support planning site-specific fertilization of cereals. The model 
considers two growing seasons -- a reference year and a target year. By 
selecting different reference years, the model is capable of following the 
long-term changes in environmental conditions.
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We first describe the model and provide the list of required inputs 
and parameters. We then evaluate the model using data from two test 
sites over various pairs of reference-target years. We also perform sen

sitivity analysis of the model to study the contribution of the various 
input factors to the simulation results. The sensitivity analysis results 
can be used to advise in required data accuracy when collecting data 
for practical use of the model.

2. Materials and methods

2.1. Model description

The model utilizes the N uptake efficiency of a homogeneous area 
within a field and the effect of temporally varying key factors to it (see 
Fig. 2). These are estimated based on the data from a reference season. 
The key temporally varying factor is the amount of available water at 
the site which means soil moisture in arable farming. Other factors influ

encing uptake efficiency would be weeds, pests and diseases, however, 
the closer study of these factors is framed out of this work. The test fields 
used in evaluating the model were observed and treated against weeds, 
pests and diseases. In the following the key components and parameters 
of the model are described in more detail.

N uptake efficiency N uptake efficiency (𝑁eff ) is a quotient of the total 
N in the above-soil-surface plant parts (𝑁𝑡𝑜𝑡 [𝑘𝑔∕ℎ𝑎]) and total plant

available N in soil (𝑁𝑠𝑜𝑖𝑙 [𝑘𝑔∕ℎ𝑎]):

𝑁eff =𝑁𝑡𝑜𝑡∕𝑁𝑠𝑜𝑖𝑙. (1)

𝑁𝑡𝑜𝑡 consists of the N content of the grain, straw and leaves. It can be 
determined by measuring the biomass and N concentration of the men

tioned components. 𝑁𝑠𝑜𝑖𝑙 is determined as a sum of initial soluble N in 
the soil at the beginning of the growing period at seeding (𝑁𝑖𝑛), N min

eralized in the top soil during the growing season (𝑁𝑚) and N applied 
as fertilizer (𝑁𝑓 ):

𝑁𝑠𝑜𝑖𝑙 =𝑁𝑖𝑛 +𝑁𝑚 +𝑁𝑓 . (2)

𝑁𝑖𝑛 is measured from the soil samples taken from a soil layer 0--0.6 
meters of depth. Nf is measured at application. 𝑁𝑚 is calculated as a 
function of organic N content in the top soil (𝑁𝑜𝑟𝑔 ), the depth of the top 
soil layer (𝑇𝑠𝑜𝑖𝑙 [𝑐𝑚]), effective pH of the top soil (𝑒𝑝𝐻 ; see Equation 
(4)), volume weight of the top soil layer (VW [𝑘𝑔∕𝑑𝑚3]) and the micro

bial activity in the top soil (MA). Top soil is the visibly distinctive layer 
of soil that is mixed with organic matter such as plant residues. The fac

tors 0.1 and 1 000 000 convert the result to kg/ha. The magnitude of 
the coefficient 𝑀𝐴 was validated using the net mineralization derived 
from the model construction data, i.e. the amount of mineralized nitro

gen taken up by above-ground plant parts. Thus, the equation has to 
be corrected by the estimated amount of mineralized nitrogen uptake 
by roots. Hansson et al. [17] presented that the portion of the nitrogen 
uptake stored in roots is 21--28% of the total nitrogen uptake of barley 
plant. The average value 25% of this range is used in the model.

𝑁𝑚 = (𝑇𝑠𝑜𝑖𝑙 ∗ 0.1) ∗ 𝑒𝑝𝐻 ∗ VW ∗ 1 000 000 ∗ MA ∗ (𝑁𝑜𝑟𝑔∕100)∕0.75. (3)

The typical response curves of soil microbial populations to the soil 
moisture content, temperature and pH are of similar parabolic shape 
[18]. These response curves have a top value in which microbial activ

ity is at its maximum. Before and after this value the activity diminishes 
rapidly. The optimal value of pH for the most soil bacteria is 6.5--7. Be

low that value the activity diminishes rapidly, almost linearly. The slope 
is set to 0.45 within the pH range of interest in this context, namely the 
pH of arable soil, typically varying between 5 and 7.5. We therefore 
define the effective pH as:

𝑒𝑝𝐻 = (1 − ((6.5 − 𝑝𝐻) ∗ 𝑒)), (4)

where 𝑒 = 0.45 if 𝑝𝐻 < 6.5, else 0. Grzebisz et al. [19] suggest that 1% 
of the organic N is mineralized during the growing season. Thus, MA
gets the value 0.01 in the model.

Normalized site-specific N uptake efficiency The observed site-specific N 
uptake efficiency of the reference year (Neff ) is normalized with respect 
to the adequate top soil moisture content and growing density. This 
is done by adding respective coefficients 𝑎𝑥 and 𝑏𝑥 multiplied by the 
differences between the reference and observed soil moisture content 
(diffSMnu

_1) and growing density (diffED_1), respectively. The soil mois

ture is an average value of weekly measurements within the relevant 
period in question (from seeding to ear emergence, from ear emergence 
to yellow ripening). Field capacity at 20 cm (𝑆𝑀𝑓𝑐 ) is used as the ref

erence value for soil moisture.

Neffnorm_1 = Neff + 𝑎𝑥 ∗ diffSMnu
_1+ 𝑏𝑥 ∗ diffED_1, (5)

where

diffED_i = EDref − ED_i, 𝑖 = 1,2 (6)

and

diffSMnu
_1 = SMfc − SMnu_1. (7)

Consistently adequate soil moisture content throughout the growing 
season is a precondition to maximum yield [20]. In our model imple

mentation 𝑎𝑥 = 0.005, i.e., increase of 1 volume percent of soil moisture 
equals 0.5 percent increase in N uptake efficiency. This has support from 
the experimental results for the relationship between irrigation and ni

trogen uptake by Tan et al. [21].

The coefficient 𝑏𝑥 = 0.002, i.e., increase of 1 head in the growing 
density per 0.25 𝑚2 equals 0.2 percent increase in N uptake efficiency 
and increase by 50 heads per 0.25 𝑚2 means N uptake increase by 10%. 
This assumption is valid up to the upper limit of 200 plants per 0.25 𝑚2. 
This is supported by empirical test data from Preiti et al. [22], from 
which derived values ranged from 0.15--0.32%.

Luxury N uptake Cereal plants like barley are able to uptake more ni

trogen than they need, but above a certain limit the uptake efficiency 
decreases. The uptake above this level is called luxury N uptake. In the 
model, this decrease of uptake efficiency is 10%. The limit depends on 
the growth density: the more plants per area, the more the growth can 
uptake nitrogen per area. On the other hand, very dense growths are 
more prone for lodging compared to normal growths stands [23].

It was observed from the reference field data that the limit of total 
𝑁𝑠𝑜𝑖𝑙 for barley variety used in the study not leading to lodging (Nlux_limit) 
was 180 kg/ha. When the growing density is lower than the optimal 
that maximizes the total yield at harvest, the limit of luxury N uptake 
lowers accordingly, and can be determined by multiplying the density 
difference by the coefficient 𝑏𝑥.

Fertilization planning The obtained normalized site-specific N uptake 
efficiency for the reference year (Neffnorm_1) is used when planning the 
site-specific N fertilization in the target year (Nf _2). The estimated site

specific soil moisture contents (SMnu_2, SMm_2) and growing density 
(ED_2) are used to define the total soluble N (Ntotsol_2) and the N up

take efficiency (Neff _2) in the target year:

Ntotsol_2 = (Nsoil_2) ∗ (Neffnorm_1 − (ax2 ∗ diffSMnu
_2) − (bx ∗ diffED_2)) (8)

Neff _2 = Neffnorm_1 − (𝑎𝑥2 ∗ diffSMm
) − (𝑏𝑥 ∗ diffED_2) (9)

In Equations (8) and (9) the effect of the differences of the estimated soil 
moistures (SMnu_2, SMm_2) and growing density (ED_2) with respect to 
the values optimal for the N uptake efficiency, i.e., diffSMm

, diffSMnu
and 

diffED_2, is taken into account by subtracting the weighted differences, 
expressed as
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Fig. 2. Block diagram of the proposed model. The reference year measurements are done to estimate the site specific N uptake efficiency Neffnorm and the gradient 𝐺, 
which are used for estimating the nitrogen uptake 𝑁𝑔_2 and grain yield 𝑌𝑔_2 in the target year.

diffSMm
= SMfc − SMm_2 (10)

diffSMnu
_2 = SMfc − SMnu_2 (11)

from the normalized site-specific N uptake efficiency (Neffnorm_1).

The final step of the model is to calculate the outputs: the total N in 
the above-soil-surface plant parts (Ntot_2), the percentual N content in 
grain (Ngperc_2) and the grain yield Yg_2 for the target year. The total N is 
obtained using the N uptake efficiency (Neff _2), N mineralized in the top 
soil during the growing season (𝑁𝑚) and the total soluble N (Ntotsol_2):

Ntot_2 = (Neff _2 ∗ Nm) + Ntotsol_2 (12)

The goal of the fertilization is to produce a certain amount of kernels 
with a certain quality. To estimate the amount of grain yield and its 
protein content, the amount of N in grain is calculated by multiplying 
the total N with the nitrogen harvest index (NHI). NHI is an indicator 
of N allocation efficiency into grain [24]. It describes the proportion 
of the total N uptake (above-ground parts) accumulated in the grain. 
Grain of six-row barley contains around 80% of taken total N [25]. NHI 
calculated from the Viikki field’s data (see Table 4) supports this finding, 
and thus the NHI gets the value 0.8 in the model. The nitrogen in grain 
yield in the target year is then:

Ng_2 = 0.8 ∗ Ntot_2 (13)

We define a variable G to denote the ratio of the proportion of N in 
grain to the grain yield. An assumption is made, that when the other 

growing conditions are kept constant, this ratio determines the grain 
yield, given the N uptake level. Based on the reference year, G can be 
calculated as:

G =𝑁𝑐𝑔_1∕𝑌𝑔_1 = Ng_1∕Yg_12 (14)

Note that Yg_1 is squared as it appears also in the proportion of N in 
grain.

We can now calculate the dry matter grain yield in the target year as

suming that the plant available water (soil moisture) at yield formation 
stage would be the same as in the first year by:

Yg_21 =

√
Ng_2

𝐺
(15)

If the soil moisture conditions differ, the amount of yield needs to be 
corrected with an amount of yield that is calculated by multiplying the 
moisture difference diffSMkf

with a coefficient DMW , which is set as 60. 
DMW describes the amount of change in produced dry matter per unit 
of soil moisture difference. That is, 1 volume-% change in water content 
of the 60 cm soil layer equals change of 60 kg/ha of yield. This reflects 
the results for barley water use efficiency reported by Singh and Kumar 
[26]. The relevant period for soil moisture measurement is from ear 
emergence to yellow ripening. Thus the target year grain yield can be 
expressed:

Yg_2 = Yg_21 + diffSMkf
∗𝐷𝑀𝑊 (16)
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Table 1
Description of input factors with their ranges considered in the sensitivity analysis.

Name Unit Min Max Description 
Factors concerning the reference year 
𝑁𝑖𝑛_1 [kg/ha] 10.000 55.000 Initial N content in soil, year 1 
𝑝𝐻_1 - 5.000 7.000 pH of the topsoil layer, year 1 
Nf _1 [kg/ha] 0.000 180.000 Fertilizer input, year 1 
Yg_1 [kg/ha] 850.000 8000.000 Grain yield, year 1 
Ys_1 [kg/ha] 750.000 5300.000 Straw yield, year 1 
Ncg_1 - 0.015 0.030 Relative N content in grain, year 1 
Ncs_1 - 0.003 0.010 Relative N content in straws, year 1 
ED_1 [nr/0.25 m2] 70.000 200.000 Ear density, year 1 
Norg_1 [%] 0.050 0.500 Organic N content in topsoil, year 1 
SMnu_1 [%] 6.800 33.000 Soil moisture at Veg state at 20 cm, year 1 
SMkf _1 [%] 8.400 34.000 Soil moisture at Grfill stage at 60 cm, year 1 
Factors concerning the target year 
𝑁𝑖𝑛_2 [kg/ha] 10.000 55.000 Initial N content in soil, year 2 
𝑝𝐻_2 - 5.000 7.000 pH of the topsoil layer, year 2 
Nf _2 [kg/ha] 0.000 180.000 Fertilizer input, year 2 
ED_2 [nr/0.25 m2] 70.000 200.000 Ear density, year 2 
𝑁𝑜𝑟𝑔 _2 [%] 0.050 0.500 Organic N content in topsoil, year 2 
SMnu_2 [%] 6.800 33.000 Soil moisture at Veg stage at 20 cm, year 2 
SMm_2 [%] 7.000 31.000 Soil moisture at Miner stage at 20 cm, year 2 
SMkf _2 [%] 8.400 34.000 Soil moisture at Grfill stage at 60 cm, year 2 
Factors common for both years 
MA [%] 0.005 0.015 Microbial activity 
VW [kg/dm3] 0.650 1.400 Volume weight of the topsoil 
Tsoil [cm] 15.000 40.000 Topsoil depth 
SMfc [%] 15.000 35.000 Soil moisture at field capacity at 20 cm 
EDref [nr/0.25 m2] 160.000 165.000 Normalized ear density 
Nlux_limit [kg/ha] 175.000 185.000 N luxury uptake threshold 
NHI - 0.750 0.850 Nitrogen Harvest Index 
DMW [kg/ha] 55.000 65.000 Dry matter water productivity 

where

diffSMkf
= SMkf _2− SMkf _1 (17)

The percentual N content in grain in the target year is then:

Ngperc_2 = (Ng_2∕Yg_2) ∗ 100 (18)

The model variables are listed in Table 1, Table 2 and Table 3. 
The model was originally designed using Stella® 2.0 Systems Modeling 
Software (ISEE Systems) and ported into Python for technical verifica

tion and further development. The source code is published in Zenodo, 
https://doi.org/10.5281/zenodo.16735443.

2.2. Validation data

The proposed model was validated using data from two test sites: the 
Viikki site (from years 1993, 1994 and 1995) and the Vihti site (years 
2005 and 2014). At the Viikki site the crop variety was barley Kalle 
while in Vihti two different varieties, barley Saana and barley Annabel 
were grown in years 2005 and 2014, respectively. Also, the experiments 
at the two sites and different years differed in the plot size: from Vihti, 
average data over 5 × 0.25 𝑚2 plots or a single 0.25 𝑚2 plot was avail

able while in Vihti the plot size was 1 𝑚2. The data on the crop variety, 
𝑝𝐻 , VW, Norg and fertilization are described in detail in Table 4.

2.3. Sensitivity analysis

We performed global sensitivity analysis (GSA), primarily to explore 
and describe the behavior of the model. GSA can be used to analyze 
how the variation in the model outputs can be attributed to the differ

ent model inputs. Secondarily, a set of model parameters were tested for 
their effect on model behavior. Both the inputs and the internal param

eters that are allowed to vary within specified bounds are referred to as 
input factors in the sensitivity analysis.

Table 2
Intermediate variables.

Name Unit Description 
Nsoil_i kg/ha Nitrogen in soil, year 𝑖
Ntot_i kg/ha Total N in above-soil-surface plant parts, year 𝑖
𝑁𝑚 kg/ha N mineralized in the top soil 
Neff - N uptake efficiency 

Table 3
Output variables.

Name Unit Description 
𝑁𝑔 _2 kg/ha Nitrogen in grain, year 2 
𝑁𝑔𝑝𝑒𝑟𝑐 _2 % Percentual N content in grain, year 2 
Yg_2 kg/ha Grain yield, year 2 

A comprehensive sensitivity analysis would require a more thorough 
treatment, such as the ones done for HERMES [27], MONICA [28] and 
DSSAT [29]. Instead, our aim here is to complement the model descrip

tion and provide additional insight into its behavior with a brief yet 
systematic sensitivity study.

We chose a density-based GSA method PAWN, as it supports both 
screening of uninfluential variables and ranking of influential ones. It 
allows analysis of a given input-output sample and therefore supports 
filtering out samples producing invalid outputs, unlike methods that re

quire the use of a specific sampling strategy. This method is also robust 
against skewed output distributions.

Our analysis assesses the influence of each input factor within the 
range of variability in similar settings. The range in our validation data 
set was used as a basis, which was expanded to cover additional expected 
variability. Furthermore, selected fixed internal model parameters were 
allowed to vary around their set values to verify the models’ insensi

tivity to their exact value. A dummy parameter was included in the 
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Fig. 3. Model validation results for the three output variables of dry matter grain yield (𝑌𝑔_2), N-uptake by grain (𝑁𝑔_2) and N content in grain (𝑁𝑔𝑝𝑒𝑟𝑐 _2). For each 
pair of years the results of having measurements from the year 1 as a reference while predicting the outputs for the matching plots of the year 2 as well as using year 
2 as a reference and predicting the outputs for year 1 are presented on the same graph.

input factors, which measures noise in the PAWN analysis and repre

sents an expected index for a non-influential input, following Zadeh et 
al. [30]. The input factors and their ranges are described in Table 1. The 
input space was sampled using Latin hypercube sampling, where each 
input range is divided in 𝑁 equally probable intervals for 𝑁 samples. 
𝑁 = 200,000 was chosen for low noise, as measured by the dummy pa

rameter. The model was run for each input sample, after which samples 
yielding an invalid output such as negative values were filtered out be

fore the analysis. The sensitivity analysis was performed using the SALib 
software package ([31]).

PAWN compares the unconditional output distributions from the 
model runs where all inputs are allowed to vary simultaneously, with 
conditional output distributions where each input is fixed in turn to a 
specific value within their range. This difference is quantified by calcu

lating the maximum absolute distance between the unconditional and 
conditional output distributions (Kolmogorov–Smirnov statistic, KS) at 
𝑛 fixed conditioning points of each input factor 𝑥𝑖 . The sensitivity to a 
given input can vary in different regions of its range, and therefore the 
reported sensitivity index 𝑇𝑖 for an input factor is then summarized by 
taking a statistic (the maximum in our case) of the KS statistics at the 
different conditioning points [32,33]:

𝑇𝑖 =𝑚𝑎𝑥
𝑥𝑖

[𝐾𝑆(𝑥𝑖)], (19)

where 𝑇𝑖 takes a value between 0 and 1.

3. Results

3.1. Model validation

The model was run for each pair of years in the dataset, separately 
for both test sites. The results are shown in Fig. 3. Model performance 
is evaluated for three output variables: grain yield, grain N uptake and 
yield N % by calculating the index of agreement as:

IA = 1 −

𝑛 ∑
𝑖=1

(𝑂𝑖 −𝑆𝑖)2

𝑛 ∑
𝑖=1

(|𝑂𝑖 −𝑂|+ |𝑆𝑖 −𝑂|)2 , (20)

where 𝑂𝑖 are the observed values, 𝑆𝑖 are the simulated values and 𝑂 is 
the mean of the observed values.

The results indicate that the model performs better for predicting 
yield (IA 0.8--0.97) than for predicting N-uptake (IA 0.77--0.93). Yield 
N % appears to be more challenging to predict (IA 0.54--0.62) which can 
be anticipated since its value is derived from yield and N uptake, and 
the errors in their predictions are therefore combined.
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Table 4
Description of the data used in model validation.

Plot size Crop pH VW N𝑜𝑟𝑔 Fertilization Other

[kg/dm3] % [kg/ha] 

Viikki 1993

6.3 1.411 5.7 70 Seeding with 
Average of Six-row 6.2 1.374 13.5 70 combined seed 
5 x 0,25 𝑚2 spring barley 5.7 1.194 26.2 70 drill which places 
plots Kalle 5.8 1.219 25.6 70 seed and fertilizers 

5.2 0.920 49.9 70 in different rows 

Viikki 1994

6.0 1.411 5.7 40 Seeding with 
Average of Six-row 5.9 1.374 13.5 60 combined seed 
5 x 0,25 𝑚2 spring barley 5.6 1.194 26.2 60 drill which places 
plots Kalle 5.6 1.219 25.6 95 seed and fertilizers 

5.0 0.920 49.9 95 in different rows 

Viikki 1995

6.0 1.411 5.7 0 
6.0 1.411 5.7 60 
6.0 1.411 5.7 120 
6.0 1.411 5.7 180 
6.2 1.374 13.5 0 
6.2 1.374 13.5 60 
6.2 1.374 13.5 120 Seeding with 

Single Six-row 5.5 1.194 26.2 0 combined seed 
0,25 𝑚2 spring barley 5.5 1.194 26.2 60 drill which places 
plot Kalle 5.5 1.194 26.2 120 seed and fertilizers 

5.8 1.219 25.6 0 in different rows 
5.8 1.219 25.6 60 
5.8 1.219 25.6 120 
5.0 0.920 49.9 0 
5.0 0.920 49.9 60 
5.0 0.920 49.9 120 
5.7 0.920 49.9 30 
5.0 0.920 49.9 30 

Vihti 2005

6.4 1.059 44 17 
6.7 0.863 31 30 
6.9 0.675 32 20 
6.3 0.675 31 20 Seeding with 

Single Two-row 6.3 1.139 41 20 VRA combined seed 
1 𝑚2 barley 7.0 0.959 17 37 drill which places 
plot Saana 6.8 0.703 17 37 the seed and fertilizer 

6.6 0.705 20 37 in the same row 
6.4 0.697 30 24 
6.4 0.724 32 19 
6.4 0.902 32 20 

Vihti 2014

6.1 1.059 44 40 
6.0 0.863 31 40 
6.1 0.675 32 35 
6.1 0.675 31 35 Seeding with 

Single Two-row 6.5 1.139 41 50 VRA combined seed 
1 𝑚2 barley 6.3 0.959 17 40 drill which places 
plot Annabel 6.2 0.703 17 40 the seed and fertilizer 

6.3 0.705 20 50 in the same row 
6.1 0.697 30 50 
6.1 0.724 32 40 
6.1 0.902 32 45 

3.2. Sensitivity analysis

The resulting PAWN sensitivity indices for the three main out

put variables, namely second year grain yield (𝑌𝑔 _2), grain N content 
(𝑁𝑔𝑝𝑒𝑟𝑐 _2) and crop N uptake (𝑁𝑡𝑜𝑡_2), are shown in Fig. 4. A few factors 
dominate the model outputs while many seem uninfluential, including 
the fixed model internal parameters representing nitrogen harvest index 
(NHI), microbial activity (MA), luxury uptake limit (Nlux_limit) and water 
productivity (DMW).

4. Discussion

Validation The model appears to perform better on predicting yield and 
N uptake on the validation data, while N-content of the grain was more 
challenging to predict. This is comparable to the other more complex 
simulation models. HERMES model achieved IA of 0.93 and 0.71 for 
above-ground biomass and N-uptake, respectively [13] whereas MON

ICA achieved IA close to 1 for crop yield but less than 0.5 for crop N 
concentration and yield N concentration [14]. These are promising re

sults, but more data on different crop types in more varied growing 
conditions would be required for making strong conclusions on gener

alizability of these predictions.

Sensitivity analysis The model behavior is dominated by a few factors 
while many seem rather uninfluential. This is common to environmental 
models with many parameters and inputs. The best predictor of the grain 
yield in the target year was grain yield in the reference year, followed 
by the fertilizer input, soil moisture at Grfill stage, relative N content in 
grain in the reference year, and ear density in the target year. The same 
parameters were also significant when predicting the grain N content, 
although in more uniform proportions. Grain N content was also affected 
by the fertilizer input in the reference year and the organic N content in 
top soil. The top three predictors of crop N uptake were fertilizer input, 
ear density, and grain yield in the reference year.
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Fig. 4. PAWN sensitivity indices for the main target variables: second year grain yield (𝑌𝑔_2), grain N-content (𝑁𝑔𝑝𝑒𝑟𝑐 _2) and crop N-uptake (𝑁𝑡𝑜𝑡_2). The MA, VW 
and topsoil values were common for both years. A dummy parameter was included, which measures noise in the PAWN analysis and represents an expected index 
for a non-influential input. The results are sorted by decreasing influence to grain yield.

The vertical line in Fig. 4 indicates the sensitivity level of the dummy 
parameter. This level can be considered as a threshold under which the 
effect of the particular input factor has a negligible effect on the re

spective target variable. This is an important result when considering 
the real-life application of the model. In real-life use, collecting the data 
required by the model is often laborious and might prevent model adop

tion. The results of the sensitivity analysis indicate which input data are 
crucial and which inputs and parameters may be estimated from previ

ous experience or adopted from the literature, for example.

In addition to PAWN, the Sobol and RDBFast sensitivity analysis 
methods were tested for comparison. They both showed similar results 
to PAWN. The main advantage of the PAWN method compared to Sobol 

was the possibility to provide an arbitrary input-output sample for anal

ysis. Some critical viewpoints of the PAWN method have also been 
raised by Puy et al. [34] and Mora et al. [35].

Comparison to sensitivity analyses performed on other models can 
be indicative at best. The models and their parameters differ, but also 
the sensitivity analysis methods and target variables differ. In [29], the 
sensitivity analysis was done to DSSAT model using extended Fourier 
Amplitude Sensitivity Test (EFAST) for several variables. Of these vari

ables, grain yield and grain protein content are the closest matches to 
our second year grain yield 𝑌𝑔_2 and N-percentage in grain 𝑁𝑔𝑝𝑒𝑟𝑐 _2 re

spectively. In their results, the most influential variables for grain yield 
were the conversion rate from photosynthetically active radiation to 

Smart Agricultural Technology 12 (2025) 101367 

8 



A. Halla, L. Pesonen, J. Pohjola et al. 

dry matter before the end of leaf growth (PARUE) and photosynthe

sis factor (SLPF). Our model, on the other hand, does not define such 
parameters, and it’s yield output is most sensitive to the reference year 
yield along with nitrogen and soil moisture levels. This demonstrates 
that these models arrive at their results from different premises.

Fitness-for-purpose The results show promise for predicting the yield 
in given fertilization conditions, with a relatively simple theory-based 
computational model. In addition to its relative simplicity, this kind of 
two-stage (i.e., reference year -- target year) model has the advantage of 
following the long-term changes in climate or other conditions affecting 
crop growth. By selecting different reference years, the farmer can adapt 
the use of the model and at the same time acquire new knowledge on 
the response in the productivity of the crop field to environmental con

ditions. The more the reference and target years differ from one another 
in growth conditions, the higher the anticipated prediction error. When 
the field observations required by the model are from several differ

ent growing seasons, different reference years could be used as starting 
points in the modeling when making risk assessments for fertilization, 
irrigation or seeding density plans.

As indicated by Fig. 3, the model is relatively robust with respect to 
the temporal difference between the reference and target years as well 
as the selection of test sites. In case of the Vihti site, there is a nine year 
difference between the reference and target years, however, the IA for 
grain yield is close to that of the Viikki site where the difference is one 
or two years. The IA of N uptake and N % in grain remains lower for the 
Vihti site though. Furthermore, the discrepancy between the model and 
the actual values could also be explained by the small size of the crop 
samples relative to the within-stand variation, even over a short distance 
in the cereal crop. Hannu Haapala’s thesis [36] provides an example of 
this. Further validation of the model is required for better evaluation of 
the effect of the difference in environmental conditions of the reference 
and target years on the prediction performance of the model.

The Viikki 93 and 94 samples were collected from exactly the same 
location, the yield was averaged over five 0.25 𝑚2 samples. The samples 
from Viikki 95 were 1 − 5 𝑚 off the 93--94 sample locations and there 
was only one 0.25 𝑚2 sample per observation. So that one 0.25 𝑚2 sample 
represents the entire site to varying degrees. In Vihti, the sample sites 
in different years were located in the same places with DGPS accuracy, 
but presumably did not coincide exactly in the same place. The sample 
size was larger, 1 𝑚2, but still may not represent the site sufficiently. 
In addition, the barley variety was different in Vihti in different years, 
which may also explain the difference in nitrogen uptake efficiency.

In addition to fertilization, the model can also be used to examine the 
effect of seeding density and irrigation to N uptake, yield amount and 
yield quality. The practicality of the required data acquisition remains 
an open question, while the sensitivity analysis hints at a possibility 
to simplify the model even further or to get approximate results even 
in the absence of all required measurements. The low computational 
requirements of this model also readily facilitate probabilistic treatment, 
such as providing uncertainty distributions for the model outputs using 
monte carlo simulations.

5. Conclusions

Choosing the nitrogen fertilization rate for field crops is a central op

timization problem in open field farming. We presented a new process

based model for predicting nitrogen uptake in cereal crops. The model 
estimates the effect of given fertilizer input to yield using N uptake ef

ficiency measured during a reference year. The model was validated 
for barley with data from two sites that were controlled for weeds and 
pests. A sensitivity analysis was performed to further describe the be

havior of the model and identify the most and least influential inputs to 
the model.

Validation The validation results indicated that the model performs 
reasonably well for the yield and N uptake whereas the grain N % ap

pears to be more challenging to predict.

Sensitivity analysis Sensitivity analysis identified influential and non

influential variables of the model. Knowing the influential variables can 
be used to direct data collection efforts where most precision is needed. 
Non-influential variables can more readily be estimated with less pre

cision or potentially simplified out of the model with minimal loss of 
accuracy.

Significance/implications The presented model adds to the process

based approaches for estimating the effect of fertilizer input to the yield 
on a given field plot. The advantage of the model is the limited number 
of quantities to be measured, so it can be applied in practice on farms 
using smart farming technology. The model helps farmers to focus on 
the accuracy and quality of the measurements.

Limitations and further study The model was validated on barley on two 
separate sites. Data from seasons with different weather conditions and 
sites with varying soil types and management practices as well as other 
crop types and cultivars would further improve confidence in the results 
and their generalizability.
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