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Abstract 
Energy and water balance assessments were caried out an unmanned aerial vehicle (UAV) in rainfed 
corn crop. The effects of nitrogen (N) fertilizing cover levels were analyzed for supporting precision 
agriculture. Strong differences in the magnitude of the energy and water balance components were per-
ceived according to the levels of N cover fertilizations along the crop stages, but the ratios of latent (λE) 
and sensible (H) heat fluxes to net radiation (Rn) stabilizing with N at 200 kg ha-1. The average Rn values 
ranged from 4.2 MJ m-2 d-1 to 9.8 MJ m-2 d-1; for λE, the rates were from 2.0 MJ m-2 d-1 to 8.0 MJ m-2 d-1; 
for H from -1.2 MJ m-2 d-1 to 3.6 MJ m-2 d-1; and for G between 0.1 MJ m-2 d-1 and 0.7 MJ m-2 d-1. These 
values returned to different energy partitions, averaging 43 to 113% for λE/Rn, -17% to 54% for H/Rn, 
and 2% to 7% for G/Rn. The evapotranspiration fraction (Ef), i.e., the ratio of λE to available energy (Rn 
– G) and rs were taken as root-zone moisture indicators, both presenting high correlations with field 
measured biomass production (BIO), and productivity (Pr), with R2 above 0.90. Comparing Pr with Ef, 
the highest correlation when plants were with six leaves indicated that corn yield can be estimated from 
the modelled root zone moisture before harvest. The most important finding is that the models can be 
applied to estimate λE and H with high resolution aerial cameras without the thermal bands. The energy 
and water balance modelling demonstrated suitability for corn crop management, indicating the poten-
tial for applying these equations in other climatically suitable regions. 
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1. Introduction 

Nitrogen (N) cover applications in corn crops is an im-
portant practice to promote high biomass production 
(BIO) and productivity (Pr), but care needs to be taken 
to minimize environmental impacts by N lixiviation to 
ground water. These impacts highlight energy and wa-
ter balance assessments under different crop fertiliza-
tion managements to minimize impacts while main-
taining good productivity levels, mainly in scenarios of 
climate and land use changes [1, 2]. Under good root-
zone moisture conditions, the highest portion of the 
available energy is for the latent heat flux (λE), favoring 
BIO and Pr [3], while during dry periods, the large 
amount of net radiation (Rn) is partitioned as sensible 
heat fluxes (H), promoting heating [4]. Accounting the 
fraction λE/Rn in agricultural crops is highlighted as 
this ratio represents the fraction of the available energy 

used for evapotranspiration [5, 6], which is partitioned 
into transpiration and soil evaporation, depending on 
the atmospheric demand, root-zone moisture and crop 
stages [7]. 
Although high λE/Rn favoring yield, intensive agricul-
tural growing regions can mean reductions of water 
availability to other sectors, while the H/Rn values can 
indicate warming or cooling conditions [4, 8]. Increases 
on H and reductions on λE, have been reported because 
replacement of Atlantic Forest species by sugarcane 
crop, in Southeast Brazil and when this replacement 
happened with coffee the opposite situation was veri-
fied [6]. At daily scales, the portion of Rn partitioned 
into soil heat flux (G) is small and it is generally ne-
glected in energy and water balance studies [8, 9]. As-
sessing the energy and water balance components de-
scribing their dynamics in rainfed and irrigated crops 
under different managements at good spatial 
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resolutions is meaningful to support sustainable agri-
cultural expansions [3]. Besides fertilization manage-
ment in corn crops, agrometeorological conditions 
drive these balances under both irrigated [10] and 
rainfed [1] conditions. Water deficit during dry seasons 
is the most important weather factor which reduces 
BIO and Pr [11]. To attain high Pr levels, good crop 
management is required, which in turn affects the en-
ergy partitions into λE and H [1].  
Field measurements on energy and water balances at 
high spatial scales are time and cost intensive, high-
lighting the use of geotechnologies for this task [1, 2, 
10]. Remote sensing together with agrometeorological 
data is a strong tool to monitor energy [5, 6] and water 
[12] balance components along the corn crop stages, 
when aiming at high BIO and Pr, while minimizing neg-
ative environmental impacts [1, 3]. These components 
vary, spatially and temporally, along the crop stages ac-
cording to vegetation and moisture conditions which in 
turn are influenced by nitrogen (N) cover fertilization 
levels in corn crops [1, 13]. Quantifying the energy and 
water balance partitions is important to assist farmers 
with in-depth crop monitoring and high spatial resolu-
tion remote sensing data from aerial cameras onboard 
unmanned aerial vehicles (UAV) can be accurately used 
for these assessments [1, 14-16]. The acquired data of-
fer spectral, spatial, and temporal resolution, providing 
detailed vegetation and nutrient status; growth vigor, 
and can be used for yield prediction, being possible 
combinations of UAV products with other spatially in-
formation [14]. UAV measurements have potential to 
improve environmental monitoring, offering opportu-
nities to bridge the gap between field observations and 
satellite remote sensing, by providing high spatial de-
tail in a cost-effective way and capacity for enhanced 
temporal resolution [15]. Significant correlations be-
tween NDVI and leaf area index values from a UAV plat-
form and spectroradiometer were reported over sun-
flower crop [16].  
High resolution remote sensed images from UAV can 
guide rational N cover fertilizations in agricultural 
crops [17], but this is a challenging task, and besides 
spectral responses through UAV, other methods are in 
use, including handheld sensors, and satellite imagery. 
The use of UAV and satellite imagery for this task is bet-
ter compared to conventional methods such as soil 
testing [18]. Even with the advances of aerial cameras 
overcoming cloudy problems from satellite images 
their use demands tests with field data for practical ap-
plications [19]. According to [17], crop sensing technol-
ogies to N cover fertilization management in grain 
crops have been the focus of an important element of 
Precision/Digital Agriculture research and field meas-
urements adopted in most studies are not the ideal 
method to evaluate the effects of spatial variability, 
confirming that new approaches are needed based on 
the use of multiple sensors. Reflectance indices are use-
ful to detect water stress in distinct crops, and UAVs 
give opportunities to monitor crop fields with high 

spatial and temporal resolution images comparing 
with ground-truth plant data [19].  
The energy partition into λE affects plant development 
and physiological processes impacting BIO and Pr in 
corn crops [20, 21]. These crop yield parameters are 
highly variable in both space and time in agriculture, 
and these variations can be detected by remote sensing 
reflectance pixel values [22]. Many ways arise for rais-
ing BIO and Pr in agriculture under rainfed and irriga-
tion conditions [23]. For rainfed crops, the main chal-
lenge is to do this through optimized management 
practices [24]. Spatially determining the factors which 
affect BIO is strongly useful to analyze the feasibility of 
setting up new biomass power plants, such as corn 
crops, to optimize the best locations for agricultural ex-
pansion [25], and to support public policies regarding 
rational environmental managements to improve Pr 
[26]. One of the main ways for optimizing BIO and Pr in 
corn crops is through crop and water management 
which include N cover fertilization improvements [1, 
17].  
Distinct remote-sensing algorithms have been used for 
energy, water and carbon balance assessments in agri-
culture. Due to its operationality while maintaining its 
physical basis, some of them use the Penman–Monteith 
equation for these assessments [3, 10, 12, 27]. In the 
current study, to retrieve the energy and water balance 
components and related them to measured corn BIO 
and Pr, the SUREAL (Surface Resistance Algorithm), 
based on the Peman Monteith equation, was applied 
with a Mapir camera onboard an UAV to estimate the rs, 
retrieving λE. The algorithm was developed by using 
simultaneous field and remote sensing measurements 
in Northeast Brazil. The bands 1 to 7 from Landsat 5 
satellite were used together with micrometeorological 
data to derive and validate all the SUREAL’s equations 
[28, 29]. After elaboration, it has been validated under 
distinct agroecosystems by using different remote 
sensing platforms in Northeast Brazil [3]. The reason 
for SUREAL’s choice, besides its applicability, another 
important advantage, regarding other algorithms, is 
that there is no need for thermal bands, it being possi-
ble to use only the reflectance bands of an aerial cam-
era onboard a UAV.  
In Northeast Brazil, the use of UAV technologies for 
rainfed corn crop management is suitable because high 
probabilities of frequent dry weather events affecting 
BIO and Pr. These crop yield parameters are closed re-
lated to the energy, carbon and mass transfer between 
vegetation and the lower atmosphere and there are still 
few studies with high-resolution images for modelling 
these transferences and their relations in rainfed corn 
crop within the Brazilian Atlantic Forest biome. Few 
ones were carried out with specific cultivars and envi-
ronments using Landsat 8 images for corn under irri-
gation conditions [12, 30], for rainfed corn crop with 
UAV in the Caatinga biome [1]; and for irrigated corn 
crop with UAV in the Savana biome [10]. In the Atlantic 
Forest biome inside Northeast Brazil, the ecosystems 
are experiencing environmental impacts by climate 
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and land use changes which affect the available energy 
partitions into λE and H. These changes can increase 
water consumption or warm conditions. This is the ac-
tual scenario in agricultural growing areas, where corn 
has been cultivated for grain consumption and for silo, 
but also as a biofuel option.  
The energy and water balance assessments were car-
ried out during eight rainfed corn crop stages and for 
its growing season with distinct nitrogen (N) cover fer-
tilization levels; considering the effects on crop yield 
and environmental problems which could happen by 
leaching this nutrient to the groundwater [1]. With 
field measurements of BIO and Pr, besides assessing 
the dynamics of the remote sensing energy and water 
balance components for different N cover fertilization 
levels with urea N source, their relationships with 
these crop parameters were also analyzed. For this task 
it was used the reflectance bands of aerial images of a 
Mapir camera onboard an UAV, in a rainfed corn crop 
within the Atlantic Forest biome within Northeast Bra-
zil. Besides monitoring these components along the 
crop stages, the results are useful for recommendation 
of rational fertilization levels and water requirements 
when aiming to improve corn yield minimizing nega-
tive environmental impacts.  
The authors expect that, with the success of these spe-
cific applications for the corn reference crop within the 
Brazilian Atlantic Forest biome, the models could be 
used in other regions and crops probably only requir-
ing corrections for the calibration coefficients of the 
modelling equations to infer distinct environmental 
and management conditions. Our hypothesis is that en-
ergy and water balance components can be assessed 
with the reflective bands of a sensor onboard an UAV 
together with weather data and these assessments can 
be useful to quantify the effect of crop fertilization 

managements allowing to predict BIO and Pr before the 
harvest time, supporting farmers for rational decisions 
about post-harvest actions. 

2. Material and methods 

For this research we used remote sensing images col-
lected from an aerial camera onboard an UAV together 
with weather data and field measurements of crop pa-
rameters described as following.  

2.1 Experimental field and N cover fertilization 
levels 

Figure 1 presents location details of the corn crop area 
and N cover fertilization levels.  
The study was in the São Cristóvão County, Northeast 
Brazil, latitude 11°01′ S, longitude 37°00′ W, and alti-
tude of 30 m, a region of tropical sub-humid climate 
within the Atlantic Forest biome [31]. The region pre-
sents a mean air temperature (Ta) of 25.2°C, annual 
precipitation (P) of 1331 mm, concentrated from 
March to August. The soil is classified as Red Yellow Ar-
gisol, with wavy relief and natural ecosystems are for-
ests which are being replaced by agricultural crops 
[32]. Cover fertilizations were with urea N source (46% 
of N) at different N levels (L), with N levels at 0 kg ha-1 
(L0), 25 kg ha-1 (L1), 50 kg ha-1 (L2), 100 kg ha-1 (L3), 
200 kg ha-1 (L4), and 400 kg ha-1 (L5). Following [33] 
the crop stages adapted for the studied SHS 7939 PRO2 
cultivar involved: sowing (S); emergency (E); vegeta-
tive stages with four, six, and ten leaves (V4, V6, and 
V10); pre-flowering (PF); full flowering (FF); grain fill-
ing (GF); physiological maturation (PM); and harvest 
(Hvt). The UAV flights were carried out from E to PM. 
 

 

Figure 1 Location of the corn crop area. (a) Sergipe state in Northeast Brazil; (b) São Cristóvão County, and (c) Nitrogen (N) 

cover fertilization levels (L). 
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2.2 Data acquisitions and processing 

The UAV flights were around noon time at 60 m height, 
resulting in a spatial resolution of 0.05 m, during the 
crop stages E (July 17); V4 (July 28); V6 (August 04); 
V10 (August 18); PF (September 01); FF (September 
13); GF (September 22); and PM (October 06) in the 
year 2022. To construct the mosaics the software 
“Agisoft Photoscan 1.3.5” was used resulting in longitu-
dinal and lateral overlaps of 80% and 75%, respec-
tively. From digital numbers (DN) of bands 1 to 3 of the 
Mapir Camera, the reflectance (ρ) values were re-
trieved with a calibration panel [34]. Daily weather 
data from one station close to the experimental were 
used together with remote sensing parameters for the 
modelling steps [3, 9, 28]. 
To relate the energy and water balance components 
with crop parameters, BIO and Pr were measured at 
the end of the corn growing season for each N cover fer-
tilization level. After PM, the vegetative and reproduc-
tive parts of corn plants were cut, weighed, and dried, 
and fresh matter obtained upscaling the dry samples. 
The ratio of the dry to the fresh matter of the crushed 
sample was multiplied by the total matter to retrieve 
BIO, while Pr was obtained after correcting moisture. 
From these crop measurements, it was also possible to 
relate remote sensing root-zone moisture indicators to 
field BIO and Pr values for each N cover fertilization 
level in the corn growing season. 

2.3 Modelling energy and water balance compo-
nents 

Following [9], the latent heat flux - λE (MJ m-2 d-1) was 
retrieved by the Penman-Monteith equation, modelling 
net radiation (Rn), soil heat flux (G), surface resistance 
(rs) and aerodynamic resistance (ra) from remote sens-
ing measurements, together with weather data [28]. 
According to [35], we used the Slob equation to esti-
mate the daily Rn values (W m-2): 

Rn = (1 − α0)RG − aLτ (1) 

where α0 is the surface albedo (-); RG (W m-2) was meas-
ured global solar radiation; τ is the atmospheric trans-
missivity; and aL is a regression coefficient [1-3, 8]. For 
G (MJ m-2 d-1) it was assumed its ratio to Rn according 
to [28] and to acquire α0, the Planck’s law was used, in-
tegrating the radiation over the wavelength intervals 
for each Mapir band considering their fractions over 
the solar spectrum [1, 5]. 

α0 = ∑Wband ρband (2) 

where the wband is the weight of 0.42; 0.35; and 0.23 for 
the bands 1, 2, and 3 of the Mapir camera. 
To estimate rs (s m-1) the SUREAL algorithm was ap-
plied: 

rs = exp [ar (
T0
α0
) (1 − NDVI) + br] (3) 

where T0 (°C) is the surface temperature, NDVI is the 
Normalized Difference Vegetation Index, and the re-
gressions coefficients ar and br are 0.04 and of 2.72 [3, 
28], with NDVI calculated according to [36] as the ratio 
of the difference of the reflectance values in the near 
infrared and red bands by their sum 
Without a thermal band in the Mapir camera, T0 (K) 
was retrieved by the residual method applying the 
Stefan-Boltzmann equation to estimate the long-wave 
radiation components [37]: 

T0 = √
RG(1 − α0) + σεaTa

4 − Rn

σε0

4

(4) 

where Ta is the measured air temperature in K; ɛa is the 
atmospheric emissivity calculated as a function of τ, Rn 
(W m-2) is the net radiation, σ is the Stefan-Boltzmann 
constant (5.67 × 10-8 W m-2 K-4), and ɛ0 is the surface 
emissivity estimated from NDVI [3, 8, 28]. 
According to [9] the transfer of heat and water vapor 
from the evaporating surface into the air above the can-
opy is determined by the aerodynamic resistance (ra): 

ra =
ln (

z2 − d
z0m

) ln (
z2 − d
z0h

)

k2u2
(5) 

where z2 is the height of wind speed and humidity at 
2m; z0m is roughness length governing momentum 
transfer (m); d is the zero plane displacement height 
(m) assumed as 4.67z0m; z0h (m) is the roughness length 
governing of heat and vapor transfer (m), considered 
as 0.135z0m; k of 0.41 (-) is the von Karman's constant; 
and u2 is the wind speed at z2 (m s-1); being z0m esti-
mated by: 

z0m = exp [(az
NDVI

α0
) + bz] (6) 

where az and bz are regression coefficients of 0.24 and 
-2.12, respectively [28]. 
Having Rn, λE, and G estimated, H was acquired by res-
idue in the energy balance equation and Ef considered 
as the ratio of λE to the available energy (Rn – G) [5, 8]. 

2.4 Statistical analysis 

For statistical analyzes, besides analyzing averages and 
standard deviations (SD) of the energy and water bal-
ance components for all experimental area and for each 
corn parcel, we used the 2-way ANOVA (Analysis of 
Variance) in R to carry out a pairwise comparison 
through the Tuckey honestly significant difference 
(HSD) post-hoc test, regarding RG used as Rn and energy 
partitions into λE, H and G, at 5% significance level, 
considering the six N cover fertilizing levels (L0 = 0 kg 
ha-1, L1 = 25 kg ha-1, L2 = 50 kg ha-1, L3 = 100 kg ha-1, 
L4 = 200 kg ha-1, and L5 = 400 kg ha-1), and the UAV 
flights at eight CS: E, V4, V6, V10, PF, FF, GF, and PM [1]. 

3. Results and discussion 

After processing the remote sensing and field data, the 
results are discussed in terms of the dynamics of the 
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energy and water balance components for each CS and 
N cover fertilization levels as well as their correlations 
with measured crop parameters for the corn crop 
growing season. 

3.1 Environmental conditions 

The average daily values for RG and Ta, together with 
the corresponding totals for precipitation (P) and ref-
erence evapotranspiration (ET0) during the corn grow-
ing season are shown in Figure 2, in terms of Day of the 
Year (DOY). 
According to Figure 2a, the largest RG, with average 
higher than 20.0 MJ m-2, and Ta, above 26.0°C, were 
from DOY 258 (September) to DOY 321 (November); 
while the lowest corresponding values were between 
DOY 187 (July) and DOY 235 (August), when dropped 
to below 15.0 MJ m-2 d-1 and 20.0°C, respectively. From 
Figure 2b, rainfall was concentrated between DOY 186 
(July) and DOY 246 (September), when P surpassed 20 
mm d-1 and the highest ET0 happened from DOY 275 
(October) to DOY 321 (November), above 5.5 mm d-1. 
Considering the P of 351.4 mm and ET0 of 551.6 mm for 
the corn growing season, respectively, rainfall ac-
counted for 64% of ET0. These weather dynamics 
showed that the best corn root-zone moisture condi-
tions happened from July to September, but under the 
lowest atmospheric demands, which limited λE some-
what, even under good rainfall-water availability.  

3.2 Energy balance components 

Having acquired the corn energy balance components 
pixel by pixel, their spatial and temporal variations 
were statistically analyzed, as well as their correlations 
with field measured crop yield parameters. 

3.2.1 Spatial and Temporal Variations in Net Radiation 
(Rn) 

Figure 3 presents the Rn spatial distributions together 
with its pixel averages and SD, regarding the whole 
corn area (a) and for each N cover fertilization level – L 
(b), considering the analyzed corn crop stages. 
From Figure 3a, there was a clear increase on Rn values 
along the crop stages, with average values for the 
whole corn area between 4.0 and 7.0 MJ m-2 d-1 from E 
(July 17) to V6 (August 04), reaching a mean of 9.8 MJ 
m-2 d-1 in GF (September 22). Spatial variations also 
raised along the crop stages, with SD representing 7% 
of the average from E to V6 (July 17 – August 04) to 19% 
of the mean pixel value in PM (October 06). However, 
according to Figure 3b, although Rn values change 
along the crop stages, an average pixel value of 7.4 MJ 
m-2 d-1 for the corn growing season is found for any spe-
cific N cover fertilization level (L0 to L5), evidencing 
that the most change in Rn values are due variations on 
RG levels. 
Table 1 shows the Rn/RG average and SD values from 
remote sensing measurements and weather data, to-
gether with the results of the pairwise comparison by 
group, using the Tuckey HSD post-hoc test performed 
for the N cover fertilization levels for each corn CS.  
Crossing the Rn and RG values it is possible to see that 
even having variations on Rn/RG values along the grow-
ing season, there were no significative differences from 
the Tuckey HSD post-hoc test among N cover fertiliza-
tion levels within a specific CS. Averages ranged from a 
minimum of 0.37 in V4 (July 28, DOY 209) for L0 and 
L1 increasing to peak of 0.48 to 0.50 in PF (September 
01, DOY 244), with SD representing in average 7% of 
the average pixel value from E to V4 to 21% in PM. 
Overall Rn/RG average of 0.43 means that in general 43% 
of RG was partitioned into λE, H and G considering all N 
cover fertilizations levels and crop stages. 

 

Figure 2 Weather data during the corn growing season in 2022 in terms of the Day of the Year (DOY). (a) Daily mean values 

for global solar radiation (RG) and mean air temperature (Ta); and (b) Daily totals for precipitation (P) and reference evapo-

transpiration (ET0). 
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Figure 3 Spatial distribution of daily net radiation (Rn), together with its averages and standard deviations (SD), regarding the 

whole experimental area (a) and for each N cover fertilization level – L1 (b), involving the analyzed corn crop stages – CS2, 

during the year 2022. 1L: L0 – N at 0 kg ha-1; L1 – N at 25 kg ha-1; L2 – N at 50 kg ha-1; L3 – N at 100 kg ha-1; L4 – N at 200 kg ha-

1; and L5 – N at 400 kg ha-1. 2CS: E – Emergency; V4, V6, and V10 – Vegetative stages with four, six, and ten leaves, respectively; 

PF – Pre-flowering; FF – Full flowering; GF – Grain filling; and PM – Physiological maturation. 

Table 1 Average pixel values and standard deviations (SD) for the ratio of net radiation (Rn) to incident solar global radiation 

(RG) together with the Tuckey HSD post-hoc test performed by group, considering the N cover fertilizing levels for each corn 

crop stage (CS). 

 Ratio of net radiation (Rn) to incident global solar radiation (RG) 

N levels 
CS2 

L0: 0 

(kg ha-1) 

L1: 25 

(kg ha-1) 

L2: 50 

(kg ha-1) 

L3: 100 

(kg ha-1) 

L4: 200 

(kg ha-1) 

L5: 400 

(kg ha-1) 
Average 

1DOY 

198 E 0.41 ± 0.03a 0.41 ± 0.03a 0.41 ± 0.03a 0.42 ± 0.03a 0.42 ± 0.03a 0.41 ± 0.03a 0.41 ± 0.03 

209 V4 0.37 ± 0.02a 0.37 ± 0.03a 0.38 ± 0.02a 0.38 ± 0.03a 0.39 ± 0.03a 0.39 ± 0.03a 0.38 ± 0.03 

216 V6 0.44 ± 0.05a 0.44 ± 0.05a 0.45 ± 0.05a 0.45 ± 0.05a 0.45 ± 0.05a 0.45 ± 0.05a 0.45 ± 0.05 

230 V10 0.42 ± 0.05a 0.43 ± 0.05a 0.43 ± 0.05a 0.43 ± 0.05a 0.42 ± 0.05a 0.42 ± 0.05a 0.43 ± 0.05 

244 PF 0.50 ± 0.06a 0.48 ± 0.07a 0.48 ± 0.07a 0.48 ± 0.07a 0.47 ± 0.07a 0.47 ± 0.07a 0.48 ± 0.07 

256 FF 0.45 ± 0.06a 0.45 ± 0.07a 0.44 ± 0.07a 0.44 ± 0.07a 0.44 ± 0.06a 0.44 ± 0.06a 0.44 ± 0.07 

265 GF 0.45 ± 0.05a 0.46 ± 0.06a 0.45 ± 0.06a 0.45 ± 0.06a 0.45 ± 0.06a 0.46 ± 0.06a 0.45 ± 0.06 

279 PM 0.39 ± 0.07a 0.41 ± 0.08a 0.40 ± 0.08a 0.41 ± 0.09a 0.41 ± 0.08a 0.41 ± 0.09a 0.41 ± 0.09 

Average - 0.43 ± 0.05 0.43 ± 0.06 0.43 ± 0.05 0.43 ± 0.06 0.43 ± 0.05 0.43 ± 0.06 0.43 ± 0.05 

1DOY – Day of the Year  
2CS: Crop stages; E – Emergence; Vegetative stages: V4 – Plants with four leaves per plant; V6 – Plants with six leaves per plant, 

and V10 – Plants with ten leaves per plant; Reproductive stages: PF – Pre flowering, FF – Full flowering, GF - Grain filling, and 

PM- Physiological maturation.  

The Rn/RG values with the same letter in each line indicate no significant differences from each other at 5% (pairwise compar-

isons using the Tuckey HSD post-hoc test performed by group with six repetitions for each CS. 
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Rn/RG values ranging from 41% to 47% with Landsat 
images were reported in Northeast Brazil inde-
pendently of the agroecosystem type [5]. However, 
these assessments included well irrigated fruit crops, 
besides natural vegetation of the Brazilian Caatinga bi-
ome, under different rainfall and irrigation water avail-
ability. By field energy balance experiments in a path of 
the Brazilian Atlantic Forest biome, Rn was around 40 
to 68% of RG [38]. This higher range is that the study 
area in São Paulo city involved mixed conditions of au-
tumn-winter and spring-summer within the 

metropolitan area, contrasting with our current results 
during the rainy growing season of corn crop in North-
east Brazil. 

3.2.2 Spatial and Temporal Variations in Latent Heat 
Flux (λE)  

Figure 4 presents the λE spatial distributions together 
with its pixel averages and SD, regarding the whole 
corn area (a) and for each N cover fertilization level – L 
(b), considering the analyzed corn crop stages. 
 

 

Figure 4 Spatial distribution of daily latent heat fluxes (λE), together with its averages and standard deviations (SD), regarding 

the whole experimental area (a) and for each N cover fertilization level – L1 (b), involving the analyzed corn crop stages – CS, 

during the year 2022. 1L: L0 – N at 0 kg ha-1; L1 – N at 25 kg ha-1; L2 – N at 50 kg ha-1; L3 – N at 100 kg ha-1; L4 – N at 200 kg ha-

1; and L5 – N at 400 kg ha-1. 2CS: E – Emergency; V4, V6, and V10 – Vegetative stages with four, six, and ten leaves, respectively; 

PF – Pre-flowering; FF – Full flowering; GF – Grain filling; and PM – Physiological maturation. 

Visible λE spatial and temporal are noticed along the 
crop stages when considered the whole corn crop area 
(Figure 4a), with averages ranging from 2.0 and 3.1 MJ 
m-2 d-1 between July 17 (E) and August 04 (V6), increas-
ing to 8.0 MJ m-2 d-1 in September 01 (PF), dropping to 
5.7 MJ m-2 d-1 in October 06 (PM). The spatial variations 
were also large, with SD accounting for 50% of the 

average in August 04 (V6) to 33% on September 22 
(GF). According to Figure 4b, unlike Rn, λE variations 
are noticed among N cover fertilization levels averag-
ing for the growing season, with the highest ones in PF 
for L5 in September 01 (mean of 10.5 MJ m-2 d-1) while 
the minimums were for L0 (mean of 2.0 MJ m-2 d-1) in 
V4 (July 28). Besides crop stages and N cover 
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fertilization levels, the λE rates were also influenced by 
weather conditions, mainly RG and P. 
In Colorado (USA), λE rates between 4.9 to 6.9 MJ m-2 d-

1 and 7.6 to 9.3 MJ m-2 d-1 were reported under limited 
irrigation, with water stressed plants as an effort to 
maximize water productivity [39]. These ranges in-
volve our average rate of 5.1 MJ m-2 d-1 under rainfed 
conditions with some degree of water scarcity in 
Northeast Brazil. Through field measurements in irri-
gated corn with mulching in Northwestern China, [40] 
found higher average daily λE of 8.6 MJ m-2 d-1. The au-
thors concluded that the water fluxes were mainly con-
trolled by RG levels. Their average values under better 
soil moisture conditions for two growing seasons are 
like our mean value during the PF stages under high 
rainfall amounts. From Sequoia camera measurements 
onboard an UAV over rainfed corn in the drier Brazilian 

Caatinga biome, [1] reported an average λE of 5.4 MJ m-

2 d-1 under different N cover fertilization levels with 
urea, close to our average value with the Mapir camera 
onboard an UAV over corn crop in the Atlantic Forest 
biome within Northeast Brazil.  
The similarities among our results and those from lit-
erature under some degree of water stress bring confi-
dence in the suitability for estimating λE by modelling 
the aerodynamic and surface resistances in the Pen-
man-Monteith equation [3, 28] using the reflectance 
values of the Mapir camera onboard an UAV together 
with weather data.  
Table 2 shows the λE/Rn average and SD values from 
remote sensing measurements and weather data, to-
gether with the results of the pairwise comparison by 
group, using the Tuckey HSD post-hoc test performed 
for the N cover fertilization levels in each corn CS.  

Table 2 Average pixel values and standard deviations (SD) for the ratio of latent heat flux (λE) to net radiation (Rn) together 

with the Tuckey HSD post-hoc test performed by group, considering the N cover fertilizing levels for each corn crop stage (CS). 

 Ratio of latent heat flux (λE) to net radiation (Rn) 

N levels 
CS2 

L0: 0 

(kg ha-1) 

L1: 25 

(kg ha-1) 

L2: 50 

(kg ha-1) 

L3: 100 

(kg ha-1) 

L4: 200 

(kg ha-1) 

L5: 400 

(kg ha-1) 
Average 

1DOY 

198 E 0.43 ± 0.19a 0.44 ± 0.18a 0.44 ± 0.18a 0.43 ± 0.17a 0.41 ± 0.20a 0.46 ± 0.20a 0.43 ± 0.19 

209 V4 0.48 ± 0.22a 0.49 ± 0.20a 0.48 ± 0.21a 0.47 ± 0.23a 0.48 ± 0.28a 0.51 ± 0.28a 0.48 ± 0.24 

216 V6 0.42 ± 0.18a 0.46 ± 0.23a 0.50 ± 0.28a 0.55 ± 0.32a 0.62 ± 0.40a 0.64 ± 0.41a 0.53 ± 0.30 

230 V10 0.59 ± 0.34a 0.69 ± 0.39ab 0.82 ± 0.44ab 0.85 ± 0.47ab 1.00 ± 0.49ab 1.03 ± 0.46b 0.83 ± 0.43 

244 PF 0.71 ± 0.40a 0.93 ± 0.46a 1.08 ± 0.48abc 1.18 ± 0.49bc 1.38 ± 0.45bc 1.49 ± 0.40c 1.13 ± 0.45 

256 FF 0.48 ± 0.29a 0.54 ± 0.32ab 0.62 ± 0.36ab 0.71 ± 0.37bc 0.90 ± 0.39cd 0.96 ± 0.34d 0.70 ± 0.35 

265 GF 0.55 ± 0.23a 0.54 ± 0.27a 0.57 ± 0.27a 0.64 ± 0.29abc 0.74 ± 0.30bc 0.72 ± 0.27c 0.63 ± 0.27 

279 PM 0.72 ± 0.40a 0.62 ± 0.42a 0.65 ± 0.42a 0.64 ± 0.43a 0.68 ± 0.43a 0.65 ± 0.43a 0.66 ± 0.42 

Average - 0.55 ± 0.28 0.59 ± 0.31 0.65 ± 0.33 0.68 ± 0.35 0.78 ± 0.37 0.81 ± 0.35 0.67 ± 0.33 

1DOY – Day of the Year 
2CS: Crop stages; E – Emergence; Vegetative stages: V4 – Plants with four leaves per plant; V6 – Plants with six leaves per plant, 

and V10 – Plants with ten leaves per plant; Reproductive stages: PF – Pre flowering, FF – Full flowering, GF - Grain filling, and 

PM- Physiological maturation. 

The λE/Rn values with the same letter in each line indicate no significant differences from each other at 5% (pairwise compar-

isons using the Tuckey HSD post-hoc test performed by group with six repetitions for each CS. 

 

There were variations on λE/Rn values from E to PM for 
all N cover fertilization levels (L0 to L5), evidenced by 
the Tuckey HSD post-hoc test. However, with no signif-
icative differences between them from E to V6 and dur-
ing PM. The daily average λE/Rn ranged from a mini-
mum of 0.42 from E to V6 from DOY 198 (July 17) to 
216 (August 04) with L0, increasing to a peak of 1.49 
for PF (DOY 244, September 01) with L5. This last av-
erage above 1.00 indicates situations of additional en-
ergy for water fluxes by heat advection coming from 
dryer areas to corn parcels [5, 6].  
Average λE/Rn values for the corn growing season 
ranged from 0.55 (L0) to 0.81 (L5), meaning a general 
good root-zone moisture conditions for BIO and Pr. 
However, the high SD, representing around 50% of the 

average pixel values, indicated large spatial variations 
in soil cover and moisture, which affected energy par-
titions into transpiration and soil evaporation [41]. 
These differences were affected by the N cover fertili-
zations but stabilizing at 200 kg ha-1 (L4), meaning that 
much N is percolated to the ground water above this 
level without significantly affecting BIO and Pr, what 
agreed with [1], with N cover applications with urea for 
rainfed corn crop in the Caatinga Brazilian biome.  

3.2.3 Spatial and Temporal Variations in Sensible Heat 
Flux (H)  

Figure 5 presents the H spatial distributions together 
with its pixel averages and SD, regarding the whole 
corn area (a) and for each N cover fertilization level – L 
(b), considering the analyzed corn crop stages. 
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Figure 5 Spatial distribution of daily sensible heat fluxes (H), together with its averages and standard deviations (SD), regard-

ing the whole experimental area (a) and for each N cover fertilization level – L1 (b), involving the analyzed corn crop stages – 

CS2, during the year 2022. 1L: L0 – N at 0 kg ha-1; L1 – N at 25 kg ha-1; L2 – N at 50 kg ha-1; L3 – N at 100 kg ha-1; L4 – N at 200 

kg ha-1; and L5 – N at 400 kg ha-1. 2CS: E – Emergency; V4, V6, and V10 – Vegetative stages with four, six, and ten leaves, respec-

tively; PF – Pre-flowering; FF – Full flowering; GF – Grain filling; and PM – Physiological maturation. 

 

There was a strong reduction in H rates from E to PF in 
the whole experimental corn area, reaching a negative 
average (Figure 5a). The mean pixel values were be-
tween 2.1 and 3.6 MJ m-2 d-1 from July 17 (E) to August 
04 (V6), dropping to -1.2 MJ m-2 d-1 in PF (September 
01). From this last CS, the average H increased to above 
3.0 MJ m-2 d-1 from September 22 (GF), declining again 
in PM (October 06), but with still higher than 2.5 MJ m-

2 d-1 during this last CS. Regarding the spatial variations, 
the maximum SD occurred during V10, representing 
more than three times the mean pixel value. The nega-
tive average value in PF revealed the highest horizontal 
heat fluxes from the driest surfaces to corn plants [4-6, 
8, 30].  

As for λE, also strong variations on H daily values are 
noticed according to N cover fertilization levels along 
each CS (Figure 5b), but with the lowest ones during PF 
for L5 in September 01 (average of -3.6 MJ m-2 d-1) and 
the maximum for L0 (average of 4.2 MJ m-2 d-1) in GF 
(September 22). Besides crop stages, the partition of Rn 
into H values were also influenced by weather condi-
tions, mainly high RG levels together with rainfall 
amounts. 
Table 3 shows the H/Rn average and SD values from re-
mote sensing measurements and weather data, to-
gether with the results of the pairwise comparison by 
group, using the Tuckey HSD post-hoc test performed 
for the N cover fertilization levels in each corn CS.  
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Table 3 Average pixel values and standard deviations (SD) for the ratio of sensible heat flux (H) to net radiation (Rn) together 

with the Tuckey HSD post-hoc test performed by group, considering the N cover fertilizing levels for each corn crop stage (CS). 

 Ratio of sensible heat flux (H) to net radiation (Rn) 

N levels 
CS2 

L0: 0 

(kg ha-1) 

L1: 25 

(kg ha-1) 

L2: 50 

(kg ha-1) 

L3: 100 

(kg ha-1) 

L4: 200 

(kg ha-1) 

L5: 400 

(kg ha-1) 
Average 

1DOY 

198 E 0.55 ± 0.18a 0.54 ± 0.17a 0.54 ± 0.17a 0.55 ± 0.16a 0.56 ± 0.18a 0.52 ± 0.19a 0.54 ± 0.18 

209 V4 0.50 ± 0.21a 0.50 ± 0.20a 0.50 ± 0.20a 0.50 ± 0.22a 0.49 ± 0.26a 0.46 ± 0.27a 0.49 ± 0.23 

216 V6 0.56 ± 0.17b 0.50 ± 0.21ba 0.46 ± 0.26ba 0.41 ± 0.30ba 0.33 ± 0.38ba 0.32 ± 0.38a 0.43 ± 0.28 

230 V10 0.37 ± 0.32b 0.27 ± 0.36ba 0.13 ± 0.40ba 0.09 ± 0.43ba -0.05 ± 0.46a -0.07 ± 0.43a 0.12 ± 0.40 

244 PF 0.23 ± 0.38c 0.02 ± 0.43cb -0.13 ± 0.47cba -0.23 ± 0.50ba -0.42 ± 0.48ba -0.50 ± 0.44a -0.17 ± 0.45 

256 FF 0.45 ± 0.24d 0.37 ± 0.27dc 0.30 ± 0.31dc 0.21 ± 0.33cb 0.03 ± 0.35ba 0.01 ± 0.31a 0.23 ± 0.30 

265 GF 0.42 ± 0.21c 0.43 ± 0.25c 0.39 ± 0.24cb 0.33 ± 0.26cba 0.22 ± 0.28ba 0.25 ± 0.24a 0.34 ± 0.25 

279 PM 0.26 ± 0.38a 0.35 ± 0.39a 0.32 ± 0.39a 0.32 ± 0.40a 0.29 ± 0.40a 0.31 ± 0.39a 0.31 ± 0.39 

Average - 0.42 ± 0.26 0.37 ± 0.29 0.32 ± 0.31 0.27 ± 0.33 0.18 ± 0.34 0.16 ± 0.33 0.29 ± 0.31 

1DOY – Day of the Year 
2CS: Crop stages; E – Emergence; Vegetative stages: V4 – Plants with four leaves per plant; V6 – Plants with six leaves per plant, 

and V10 – Plants with ten leaves per plant; Reproductive stages: PF – Pre flowering, FF – Full flowering, GF - Grain filling, and 

PM- Physiological maturation.  

The H/Rn values with the same letter in each line indicate no significant differences from each other at 5% (pairwise compar-

isons using the Tuckey HSD post-hoc test performed by group with six repetitions for each CS. 

 

As for the Rn partition into λE, no significative differ-
ences arise on H/Rn values from E to V4 and PM, how-
ever, it is perceived large variations from PF to GF, evi-
denced by the Tuckey HSD post-hoc test, with averages 
ranging from above 0.50 in July 17 (E) to below -0.40 in 
September 01 (PF) for L4 and L5. The negative H/Rn 
values in PF for L4 to L5 means more often occasions of 
additional energy coming from dryer areas to corn par-
cels under good root-zone moisture levels after rainfall, 
increasing λE above Rn. The high SD values for H/Rn 
ranging from 43 to 64% of the mean pixel values indi-
cated large variabilities in the heating (high H) and 
cooling conditions (low H) for corn plants [4-6, 8, 30].  
Drops on P from September to October together with 
increasing RG levels during the crop stages V10 to PM 
reduced the partition of Rn to H, which impacted BIO 
[42]. The H/Rn values for corn in the current study are 
much larger than those reported by [2] from Landsat 
measurements in irrigated lemon inside the Atlantic 
Forest biome, who found annual averages of 0.30, 0.16, 
and 0.01 under drip, micro sprinkler, and pivot irriga-
tion systems, respectively. These last lower values can 
be explained by the frequent occurrence of heat advec-
tion from the hotter areas at the vicinity of irrigated 
plots, reducing H rates from plants under good root-
zone moisture conditions [43]. 

3.2.4 Spatial and Temporal Variations in Soil Heat Flux 
(G) 

Figure 6 presents the G spatial distributions together 
with its pixel averages and SD regarding the whole corn 
area (a) and for each N cover fertilization level – L (b), 
considering the analyzed corn crop stages. 
From Figure 6a, regarding the whole corn area, G in-
creased along the growing season, starting with 

averages between 0.1 MJ m-2 d-1 in July 17 (E) and 0.7 
MJ m-2 d-1 in September 13 (FF), when from this last CS 
dropped to 0.3 MJ m-2 d-1 from September 22 (GF) to 
October 06 (PM). Considering the spatial variations, 
they were very high, with SD representing 74% of the 
average in V4 (July 17 – August 04) to 177% during FF. 
However, as shown in Figure 6b, as for Rn, variations in 
average G daily values are very low when considering 
each specific N cover fertilization levels along the 
growing season. The G/Rn values but ranged from 0.1 
MJ m-2 d-1 for L0 in V4 to 0.8 MJ m-2 d-1in FF for L1. Be-
sides crop stages, these values are also influenced by 
weather conditions, mainly RG. 
Table 4 shows the G/Rn average and SD values from re-
mote sensing measurements and weather data, to-
gether with the results of the pairwise comparison by 
group, using the Tuckey HSD post-hoc test performed 
for the N cover fertilization levels in each corn CS.  
As for Rn/RG, there were low significative variations on 
G/Rn values among N cover fertilization level for each 
specific CS, evidenced by the Tuckey HSD post-hoc test. 
Among the energy balance components, the Rn parti-
tions into G were the lowest one at daily timescale. The 
mean values of this ratio ranged from a minimum of 
0.02 from July 17 (E) to July 28 (V4) from L0 to L2, 
without significant differences compared with the 
other N cover fertilization levels during these crop 
stages, increasing to peak of 0.09 in September 13 (FF) 
with L1.  
The mean value of 0.04 for G/Rn including all N cover 
fertilization levels and crop stages means that on aver-
age only 4% of Rn was partitioned into G. For the Bra-
zilian Atlantic Forest biome, G/Rn ranging from 0.03 to 
0.24 was reported, with the high end of this range much 
larger than our ones for rainfed corn crop within this 
biome, but their rates involved urban areas [38]. 
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However, a low average G/Rn value of 0.03 was found 
for natural vegetation in Caatinga biome within North-
east Brazil, like our mean value [44]. 

 

Figure 6 Spatial distribution of daily soil heat fluxes (G), together with its averages and standard deviations (SD), regarding 

the whole experimental area (a) and for each N cover fertilization – L1 (b), involving the analyzed corn crop stages – CS2, during 

the year 2022. 1N Cover fertilization levels: L0 – N at 0 kg ha-1; L1 – N at 25 kg ha-1; L2 – N at 50 kg ha-1; L3 – N at 100 kg ha-1; 

L4 – N at 200 kg ha-1; and L5 – N at 400 kg ha-1. 2Crop Stages: E – Emergency; V4, V6, and V10 – Vegetative stages with four, six, 

and ten leaves, respectively; Reproductive stages PF – Pre-flowering, FF – Full flowering, GF – Grain filling, and PM – Physio-

logical maturation, respectively. 

3.3 Remote sensing root-zone moisture indica-
tors versus field measured crop parameters 

Measured corn yield parameters offered the oppor-
tunity for assessing their relationships with remote 
sensing root-zone moisture indicators derived from 
the energy and water balance components. Figure 7 
shows the relationships between BIO, Pr and harvest 
index (HI = Pr/BIO) with Ef (a) and rs (b) for the corn 
growing season timescale. 

It is clear, from the high determination coefficients (R2 
between 0.85 and 0.97), the strong influence of both Ef 
and rs on BIO and Pr, being the best correlation for Ef 
and Pr (Figure 7a). However, the relations of HI with 
both root-zone moisture indicators were lower, R2 of 0. 
55 for Ef (Figure 7a) and 0.51 for rs (Figure 7b), respec-
tively. These results show that root-zone moisture con-
ditions have a strong effect on corn plants growth and 
vigor [11] and that one can accurately estimate BIO and 
Pr by modelling Ef and rs with aerial cameras onboard 
UAV modelling energy and water balance components. 
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Table 4 Average pixel values and standard deviations (SD) for the ratio of soil heat flux (G) to net radiation (Rn) together with 

the Tuckey HSD post-hoc test performed by group, considering the N cover fertilizing levels for each corn crop stage (CS). 

 Ratio of soil heat flux (G) to net radiation (Rn) 

N levels 
CS2 

L0: 0 

(kg ha-1) 

L1: 25 

(kg ha-1) 

L2: 50 

(kg ha-1) 

L3: 100 

(kg ha-1) 

L4: 200 

(kg ha-1) 

L5: 400 

(kg ha-1) 
Average 

1DOY 

198 E 0.02 ± 0.01a 0.02 ± 0.01a 0.02 ± 0.02a 0.02 ± 0.02a 0.03 ± 0.01a 0.02 ± 0.02a 0.02 ± 0.01 

209 V4 0.02 ± 0.01a 0.02 ± 0.01a 0.02 ± 0.01a 0.03 ± 0.02ab 0.03 ± 0.03b 0.03 ± 0.03b 0.02 ± 0.02 

216 V6 0.03 ± 0.02a 0.04 ± 0.02ab 0.04 ± 0.03ab 0.04 ± 0.03ab 0.04 ± 0.04ab 0.04 ± 0.04b 0.04 ± 0.03 

230 V10 0.04 ± 0.04a 0.05 ± 0.04a 0.05 ± 0.05a 0.06 ± 0.06a 0.05 ± 0.05a 0.05 ± 0.06a 0.05 ± 0.05 

244 PF 0.06 ± 0.06a 0.05 ± 0.07a 0.05 ± 0.07a 0.05 ± 0.08a 0.04 ± 0.07a 0.04 ± 0.07a 0.05 ± 0.07 

256 FF 0.08 ± 0.09a 0.09 ± 0.11a 0.07 ± 0.10a 0.08 ± 0.12a 0.07 ± 0.10a 0.07 ± 0.11a 0.07 ± 0.11 

265 GF 0.03 ± 0.03a 0.04 ± 0.04a 0.03 ± 0.04a 0.03 ± 0.04a 0.03 ± 0.05a 0.04 ± 0.04a 0.03 ± 0.04 

279 PM 0.02 ± 0.03a 0.04 ± 0.05ab 0.03 ± 0.04ab 0.04 ± 0.05ab 0.04 ± 0.05ab 0.04 ± 0.06b 0.04 ± 0.05 

Average - 0.04 ± 0.04 0.04 ± 0.04 0.04 ± 0.05 0.04 ± 0.05 0.04 ± 0.05 0.04 ± 0.05 0.04 ± 0.05 

1DOY – Day of the Year  
2CS: Crop stages; E – Emergence; Vegetative stages: V4 – Plants with four leaves per plant; V6 – Plants with six leaves per plant, 

and V10 – Plants with ten leaves per plant; Reproductive stages: PF – Pre flowering, FF – Full flowering, GF - Grain filling, and 

PM- Physiological maturation.  

The G/Rn values with the same letter in each line indicate no significant differences from each other at 5% (pairwise compar-

isons using the Tuckey HSD post-hoc test performed by group with six repetitions for each CS. 

 

Figure 7 Relations between measured crop yield parameters and remote-sensing root-zone moisture indicators: (a) biomass 

production (BIO), productivity (Pr) and harvest index (HI) with evaporative fraction (Ef); and (b) BIO, Pr and HI with surface 

resistance (rs). 
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Figure 8 Relations between measured productivity (Pr) and the modelled evapotranspiration fraction (Ef) from corn crop 

stages V6 (plants with six leaves) to PM (physiological maturation). 

Investigations on irrigated corn yield responses in 
Texas (EUA), confirmed the possibility of monitoring 
plant water deficiencies using physiological and envi-
ronmental parameters [45]. With field experiments in 
Nebraska (USA), corn response to deficit irrigation was 
quantified to determine which water variables were 
best correlated to yield [20]. The authors found good 
correlations between evapotranspiration and yield, 
concluding that deficit-irrigating corn is not a good 
strategy under the conditions of their study. From field 
experiments under different irrigation strategies with 
corn crop in India, [11] confirmed that the effect of wa-
ter deficit during PF and GF stages affects BIO, impact-
ing Pr, according cultivar tolerance to water scarcity. 
Also, good relations between crop field measurements 
and remote sensing energy and water balance parame-
ters were obtained by using images acquired from a Se-
quoia (Sq) camera in rainfed corn crop under different 
N cover fertilization levels in the Caatinga Brazilian bi-
ome [1].  
As the effects of root-zone moisture on BIO depend on 
crop stages [11, 41], Figure 8 was built to investigate 
the relations of growing season Pr and Ef during corn 
crop stages V6 (plants with six leaves) to the PM (phys-
iological maturation), aiming to see the suitability of 
predicting Pr before harvest. 
Correlations between Pr and Ef declined from V6 to PM, 
being very poor at this last CS. The highest determina-
tion coefficient in V6 (R2 = 0.98) means that Pr can be 
suitably predicted from the energy and water balance 
remote measurements before PM, supporting farmers 
for rational decisions about post-harvest actions. The 
low R2 value of 0.02 in PM evidenced that yield is al-
ready defined in the previous crop stages, bringing 
much attention for crop management during V6, agree-
ing with [33], where it was pointed out that the condi-
tions in this CS already define the potential production 

for corn crops. Predicting Pr from remote sensing Ef be-
fore Hvt can guide corn producers to make decisions 
about crop management and markets.  
According to [11], water stress before PM in India af-
fected corn performance, what agrees with R2 above 
0.90 during this CS in the current study. The authors 
found that low root-zone moisture levels increased the 
flowering days, days to maturity, anthesis silk interval, 
and decreased BIO dropping Pr. Studies on how corn 
morpho-physiological and BIO responded to varying 
soil moisture content during the early vegetative stage 
of two different hybrids of corn crop in Mississippi 
State (EUA), also concluded that physiology, morphol-
ogy, and plant responses are affected by distinct root-
zone moisture levels during the early-season crop 
stages [46]. According to these last authors, BIO dy-
namically changed with water stress intensity, and 
functional relationships can be used to predict plant 
performance and to improve crop management. 

4. Conclusion 

Assessments on corn energy and water balance compo-
nents were possible with measurements taken with an 
unmanned aerial vehicle (UAV) by using only three re-
flectance bands of a Mapir camera, which together with 
weather data, dry matter and crop field data, allowed 
to account for the effects of different N cover fertiliza-
tion levels on crop yield parameters.  
An increase in net radiation (Rn) occurred during the 
growing season but mainly following global solar radi-
ation (RG), with the fraction Rn/RG without significative 
differences among the N cover fertilization levels. How-
ever, strong distinctions on latent (λE) and sensible 
heat (H) fluxes were perceived varying these levels 
along the crop stages, which affected biomass produc-
tion (BIO) and productivity (Pr). Peaks for λE occurred 
in the pre-flowering (PF), while for H, the maximums 
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occurred during emergency crop stage (E) with the 
lowest and negative values in the PF crop stage, indi-
cating heat advection from the drier areas at the vicin-
ity of corn plants. However, both λE and H later stabi-
lized after the N level of 200 kg ha-1 for any N cover fer-
tilization level, indicated that cover fertilizations above 
this level do not increase yield and could cause more 
impact by N lixiviation to the ground water. Among the 
energy balance components, soil heat flux (G) was the 
lowest one at daily timescale representing, on average, 
only 4% of the Rn for the growing season. 
Relations of remote sensing root-zone moisture indica-
tors with BIO and Pr evidenced their best correlation 
with the evapotranspiration fraction (Ef), but there 
were also good correlations with the surface resistance 
(rs). These good correlations show that root-zone mois-
ture conditions have a strong effect on corn plants 
growth and vigor and that one can accurately estimate 
BIO and Pr by modelling Ef and rs with aerial cameras 
onboard UAV. Comparing Pr with Ef, the highest corre-
lation when plants were with six leaves (V6) indicated 
that corn yield can be predicted from remote sensing 
measurements before harvest, confirming that the con-
ditions before physiological maturation (PM) already 
define the potential productivity for corn crops, guid-
ing corn producers to make decisions about crop man-
agement and markets.  
It could be concluded that UAV modelling is useful for 
corn energy and water balance assessments under dif-
ferent crop managements, including nitrogen (N) cover 
fertilization under different N levels with possibility of 
replication in other regions, crops and managements 
with calibrations and validations of the key coefficients 
for rs by simultaneous field and remote sensing meas-
urements using the Penman-Monteith equation.  

Abreviations 

ANOVA Analysis of Variance 
CS Crop Stages 
DN Digital numbers 
DOY Day of the Year 
E Emmergence 
Hvt Farvest 
V4 Plant with four leaves 
V6 Plant with six leaves 
V10 Plant with ten leaves 
PF Pre Flowering 
FF Full Flowering 
GF Grain filling 
PM Physiological Maturation 
N Nitrogen 
NDVI Normalized Difference Vegetation 

Index 
S Sowing 
SD Standard Deviation 
SUREAL Surface Resistance Algorithm 
UAV Unmanned Aerial Vehicle 

Symbols 

BIO Biomass Production 

d Zero Plane Displacement Height 
Ef Evapotranspiration Fraction 
ET0 Reference evapotranspiration 
G Soil Heat Flux 
H Soil Heat Flux 
HSD Honestly Significant Difference 
k von Karman's constant 
L Nitrogen cover fertilization level 
L0 Nitrogen fertilization cover at 0 kg ha-1 
L1 Nitrogen fertilization cover at 25 kg ha-1 
L2 Nitrogen fertilization cover at 50 kg ha-1 
L3 Nitrogen fertilization cover at 100 kg ha-

1 
L4 Nitrogen fertilization cover at 200 kg ha-

1 
L5 Nitrogen fertilization cover at 400 kg ha-

1 
P Precipitation 
Pr Productivity 
Rn Net Radiation 
ra Aerodynamic Resistance 
RG Global Solar Radiatio 
rs Surface Resistance 
Ta Mean Air Temperature 
T0 Surface Temperature 
u2 Wind Speed at 2 m 
z0h Roughness Length governing of Heat 

and Vapor Transfer 
z0m Roughness Length governing Momen-

tum Transfer 
z2 Height of Wind Speed and Humidity at 2 

m 
α0 Surfface Albedo 
ɛa Atmospheric Emissivity 
ɛ0 Surface Emissivity 
σ Stefan-Boltzmann Constant 
τ Transmisivity 
λE Latent Heat Flux 
ρ Reflectance 
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