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Abstract

Aim of study: To develop non-destructive and rapid monitoring of water and nitrogen status in maize crops.

Area of study: Bu-ali Sina University, Hamedan province, Iran.

Material and methods: We used a low-cost modified consumer-grade camera to extract 40 vegetation indices for monitoring leaf N
concentrations, SPAD values and relative water content (RWC). In this regard, 528 images taken by the low-cost camera in two consecutive
years (2017 and 2018) from maize plants cultivated in a greenhouse under different irrigation and N treatments were evaluated.

Main results: Results showed that the best performance outcomes regarding the studied vegetation indices were MCARI, CTVI and CR
for SPAD values; MCARI, HUE and CTVI for leaf N concentrations; and TRVI, NDVI and DVI for RWC. In order to increase accuracy of
estimated measured data, multiple linear regression equations with combinations of the MCARI, TRVI, NDVI and EVI indices were used.
As observed, R? value was 0.91, 0.60 and 0.90 for SPAD, leaf N concentration and RWC estimation, respectively.

Research highlights: The combination of MCARI, TRVI, NDVI and EVI indices provided more accuracy to most of the previous single

variable regression models.
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Introduction

Iran is the second largest country in the Middle East,
most parts of which have arid and semi-arid climates
(Akhavan et al., 2018). So, like the other arid and se-
mi-arid regions of the world, Iran is experiencing water
deficit currently. Nevertheless, 12 million hectares are
cultivated in Iran, approximately 380,000 of which are
under maize cultivation (Ahmadi, 2017). Maize producti-
vity largely depends on irrigation and fertilization. Nitro-
gen is one of the most important fertilizers, changing the
plant yield both quantitatively and qualitatively (Swain et
al., 2010). Nitrogen is fundamental for to photosynthesis
process due to the key role it plays in producing chlo-
rophyll. Therefore, insufficient N supply leads to smaller

leaves, lower chlorophyll content and less biomass pro-
duction (Prasertsak & Fukai, 1997; Yao et al., 2013) so
that farmers have to increase the amount of N fertilizers.
Conversely, excessive N application is more costly and
results in environmental problems such as water and at-
mospheric pollution (Kaushal et al., 2011). Consequently,
it is important to manage and balance maize requirements
of water and N, which provide economical and environ-
mental benefits. For irrigated production systems, the first
step to optimize water use and improve N management is
monitoring the plant water and N statuses.

In measuring plant water status, lowered one is
usually considered the result of the soil water deficit.
So, the plant water status provides an integrated view of
the plant-soil progression (Dhillon et al., 2014). On the
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other hand, water stress can be detected by plant-based
measurement methods such as leaf stomatal conductance,
leaf water status, relative water content (RWC), leaf area
analysis and stem water potential, which are destructive
and time-consuming (Pu et al., 2003; Maki et al., 2004).
Non-destructive techniques can be used as alternatives
in order to overcome abovementioned drawbacks. Under
water stress, plant leaves display higher leaf temperature
and chlorophyll fluorescence. Therefore, an infrared ther-
mographic camera, and a fluorescence imaging system
measure canopy temperature and photosynthetic activi-
ty of leaves, respectively, since these instruments have
the potential to detect water stress (Romano et al., 2011;
Ballester et al., 2013). Other techniques used to assess
plant water are hyperspectral, multispectral and digital
imaging techniques that are non-destructive and have a
great value to calculate indices from spectral bands for
crop water detection (Kim et al., 2011).

In addition, there are two types of methods known
to obtain the N status of a plant: destructive and non-des-
tructive methods. Destructive methods are based on tissue
analysis such as Kjeldahl (1883) and Dumas (1831) techni-
ques, which have been used as a reference to estimate plant
N status, but they are time-consuming analyses requiring
skilled operators (Mufioz-Huerta et al., 2013; Saberioon et
al., 2014). So, non-destructive methods have been develo-
ped to avoid these disadvantages. Several studies have re-
ported on optical properties indicating high correlations
between optical parameters and N content of the plants such
as SPAD chlorophyll meter, Green seeker and Dualex and
Crop Circle (Guo et al., 2008; Cao et al., 2013a, b). Although
these instruments are expensive, they are faster than lab
procedures. Remote sensing (RS) is a cost-effective alter-
native for estimating plant N status (Mufioz-Huerta et al.,
2013). This method is mainly based on satellite and aerial
platforms. Although satellite platforms are used for moni-
toring and determining the status of nutrients in crops and
their capabilities have been confirmed (Zhang et al., 2006),
they have such limitations as high costs of high special re-
solution images, limited availability of usable data (because
clouds and cloud shadows may hide ground features), low
temporal resolution and fixed schedule. To avoid these disad-
vantages, airborne sensors are used to assess nutrients status
(Inoue et al., 2012). However, this type of photography is
still costly when specialized movements of the aircraft are
required (Saberioon et al., 2014). In airborne and satelli-
te-based RS applications, remotely sensed data comes from a
collection of visible and infrared portions of electromagnetic
spectra. By these multispectral and hyperspectral RS data,
biophysical characteristics of vegetation can be derived. But
the cost of these systems is a limiting factor. Anew concept of
RS data acquisition is low altitude remote sensing (LARS).
LARS uses various platforms such as unmanned helicopters,
quadcopters, unmanned aerial planes, tractor-driven crane
mounted systems, etc. All of these platforms are equipped
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with a film camera or a digital camera to provide crop de-
tails with higher spatial and temporal resolution (Swain et
al., 2010; Samseemoung et al., 2012).

Recently, consumer-grade cameras have been designed
to acquire images from small areas, having such advanta-
ges as low cost and high spatial resolution so that images
can be easily and rapidly captured. Digital cameras recor-
ding red, green, and blue (RGB) colors channel (Zhang et
al., 2016) and store incoming radiance as a digital number
from 0 to 225 (Ritchie et al., 2008). Digital cameras are
based on charge coupled devices (CCDs) or complemen-
tary metal oxide semiconductor (CMOS) sensors (Zhang
et al.,2016). Another type are the modified consumer-gra-
de cameras. They are generally obtained by replacing the
near-infrared (NIR)-blocking filter in front of CMOSs
or CCDs with a long-pass NIR filter (Yang ef al., 2014).
Most RS sensors include NIR detection, but high cost and
complexity of the imaging system limit their utility and
availability (Ritchie et al., 2008). Therefore, very detailed
spectral information can be obtained by using low-cost
modified cameras to capture NIR light.

According to these contents, such tools are needed to
make it possible to monitor crop water and N statuses at
low cost. Although a number of studies have focused on
and evaluated the use of modified cameras using different
image processing methods (Geelen et al., 2017; Cao et al.,
2018; de Oca et al., 2018; Khan et al., 2018; Zheng et al.,
2018; Monno et al., 2019), studies that exploit a compre-
hensive vegetation index from low-cost modified cameras
using external filters are still lacking. Use of internal filters
requires specialized skills to open and remove/replace sen-
sors, but external filters are easy to use without any need to
open sensors (Putra & Soni, 2017). In our study, a low-cost
modified camera and external filters including RGB and
NIR spectrum wavebands were used to collect images of
maize plants cultivated in a greenhouse under different irri-
gation and N treatments. Our objectives were to: (i) explore
differences among extracted vegetation indices in response
to irrigation treatments and N variations, (ii) clarify their
correlations with leaf N concentration, RWC value and
SPAD-502 chlorophyll meter readings, and (iii) construct a
prediction model for leaf N concentration, RWC value and
SPAD-502 chlorophyll meter readings. Anticipated results
guided the selection of proper vegetation indices to initiate
development of a non-destructive and rapid method moni-
toring water and N statuses in maize crop.

Material and methods
Experimental site and crop management
Field experiments were conducted during 2017 and

2018 using an early maturing variety of maize (Zea mays
L.) in a greenhouse located in western region (34°47'60"
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N, 48°28'54" E) of Iran. The experiment was planned
with randomized complete block design with three repli-
cates. Four irrigation treatments (I;: 100% (control), L,:
80%, I;: 60%, and I,: 40% of field capacity) and also four
N treatments (N1: without N (control), N2: 100 kg N/ha,
and N3: 200 kg N/ha and N4: 300 kg N/ha) applied as
urea (46% N)) were applied. For both full-season studies,
maize seeds were sown in pot containers with 30-cm dia-
meter, 20-cm height, and 18.38-L capacity. The pot subs-
trate was made by loam soil and plant nutrient content.
Chemical and physical properties of the two types of soil
(2017 and 2018) were assessed and presented in Table 1.
Level of nutrients available in the soil and the kinds and
amounts of supplemental fertilizer needed were determi-
ned by soil testing. Nitrogen is very susceptible to being
lost from soil, therefore, split N application improves N
use efficiency. Accordingly, N fertilizer was applied in
four growth stages (the second irrigation, second to sixth
leaf collar (V, to Vi), tenth leaf collar (V) and tasselling).
Duration of growth stages (days) of maize in 2017 and
2018 is shown in Table S3 [suppl]. For this study, irriga-
tion volume for a plant in a pot was calculated based on
field capacity. Consequently, a soil moisture meter (LU-
TRON PMS-714) was used to analyse soil moisture daily.
Total amounts of irrigation water applied, plant height,
and leaf area index were measured. The leaf area was esti-
mated by Planimetric method (Daughtry, 1990). The first
experiment was conducted in August 2017, the second in
late June /early July 2018, and harvesting date was 96 and
81 day after sowing (DAS) for 2017 and 2018, respecti-
vely. Plants emerged approximately two weeks prior to
initiation of experiments. Implementation of experiments
was set at the time when the fourth leaf collar emerged
(V4). Hereafter, during the field growing period, leaf area

Table 1. Physical and chemical properties of soil

Soil variable 2! Year
2017 2018
N (mg/L) 0.1 0.18
P (mg/L) 13.35 101
K (mg/L) 189 205
OC (%) 133 195
TNV (%) 10 <
pH 7.74 732
SP (%) 294 35
FC (isfm) 21.9 17.4
Soil texture Loam Loam
Clay (%) 25.04 20.01
Silt (%) 42.72 38.41
Sand (%) 32.24 41.58

[l OC: organic carbon. TNV: total neutralizing value. SP: saturation
percentage
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and plant height were measured several times. Along with
these measurements, we read chlorophyll values by a por-
table chlorophyll meter (SPAD 502) and took visible and
infrared images 42, 52, 63 and 71 DAS in 2017, and also
23, 27, 36, 43, 48, 55 and 61 DAS in 2018. All measu-
rements were taken between 08:00 to 11:00 a.m. SPAD
readings were taken on the youngest fully expanded leaf
(Zhang et al., 2008; Ziadi et al., 2008) and the ear leaf
after tasseling (Hawkins et al., 2007). For each plant, five
chlorophyll meter readings were obtained. Then, the ave-
rage of five readings was taken as the chlorophyll meter
measurement of the plant. After these measurements, one
leaf of each plants was cut using scissors; then, leaf N
content (measurements by Kjeldahl method) and RWC
(measurements by relative turgidity method) were calcu-
lated for each plant sample.

Obtaining the image data and vegetation indices

Figure 1 shows a simple processing workflow for ex-
tracting plant indices from RGB and infrared (IR) images
of maize for this research, some equipment and plants
grown during the experiments. Accordingly, a Canon®
PowerShot A720 IS digital camera (8 Megapixel CCD
sensors) was modified to detect radiations on additional
spectral bands. The camera held by a tripod was placed in
front of each pot so that its lens was not perpendicular to
the pot, having approx. a 45° angle. Afterwards, we used
combined IR blocking and IR filters on the front of the
lens. IR filter (GREEN.L 67mm IR 720) prevented visible
light from passing through while only allowing IR light to
strike our camera’s sensor, and UV/IR cut filter (NightSky
UV/IR Cut 2" Filter) blocked UV and IR rays. This filter
cuts out IR rays above 700 nm and retains visible light
spectrum. These two circular filters were attached to the
front of camera lens. After taking the image using the IR
filter, it was separated from the lens and UV/IR cut filter
was placed on the front of the lens to take photos. When
the filters were replaced, maximum effort was made to
prevent the camera from being dislocated. It should be
noted that a black backdrop was used during shooting in
order to simplify the next procedure.

We also took steps to perform image processing (Fig.
2). For this purpose, first, we registered visible and in-
frared images using MATLAB R2017a (vers 9.2). Image
registration algorithm is shown in Fig. 3. In the next step,
four RGB and NIR bands of two images were considered
for layer stacking. The next task was background elimi-
nation utilizing three components (RGB) of the image to
calculate combined 2G-R-B Excess Green (EXG) used
to separate green plants from background (Woebbecke et
al., 1995). As shown in Fig. 4, we used EXG to produ-
ce a binary mask to segment the green plants against the
background. In the following step, 40 spectral indices
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Figure 4. Color image (a) with its corresponding segmentation
result of EXG method below (b).

were calculated. Formulas used for calculating vegeta-
tion indices are given in Table S1 [suppl]. By multiplying
binary mask by vegetation indices, we obtained average
values of these indices for each plant. Then, these values
were compared with measured data (Ieaf N content, SPAD
and RWC) by using statistical methods.

Statistical analyses

Data collected from both experiments were used to de-
velop regression models between vegetation indices and
measured data (leaf N content, SPAD and RWC). It should
be noted that this dataset was separated randomly at the
ratio of 75:25 for the calibration and validation of the sub-
set, respectively. The fitting quality of regression models
was evaluated by adjusted determination coefficient (R?)
(Woebbecke et al., 1995), root mean square error (RMSE)
and mean bias error (MBE) (Coelho et al., 2018). RMSE
and MBE were given by equations (41) and (42).

RMSE — YN (Yobs; — Yest;)? (41)
N
N
MBE = i=1(Yobs; — Yest;) (42)
N
600
2017
f—; 500
2: 400 |
- 3004 W2
EE o3
27 2007 pgu
S 100
g
g 0
1 16 31 46 61 76

DAS

where: N is the number of data; Yobsi and Yesti are the
observed and estimated values of Y, respectively.

When statistical analyses were performed on mean
values of the traits, Duncan test was performed to test
normal distribution of each treatment. Descriptive statis-
tics were estimated and variance analysis was performed
using software IBM SPSS 20.0. Origin Pro 2016 and ex-
cel were used to draw Figures.

Results and discussion

Irrigation water applied, plant height, and leaf
area index

Fig. 5 shows cumulative irrigation depths for four irri-
gation treatments. In 2017, the average total amount of
irrigation water applied during the entire growing season
from planting to harvesting was 483 mm for the control
treatment, 457 mm for 80% of field capacity (I,), 435 mm
for 60% of field capacity (I;), and 402 mm for 40% of
field capacity (I;). In 2018, these figures were 457 mm,
416 mm, 360 mm, and 349 mm for the control and 12, I3
and 14 treatments, respectively. Fig. 6 shows the averages
of leaf area and plant height of maize during 2017 and
2018. With different levels of N-fertilizer and irrigation,
LAI of maize showed considerable variations over the
growth stages; but for all treatments, LAI increased pro-
gressively over time, reached its peak within about 40-60
DAS, and, then, began to decrease. Plant height increa-
sed progressively over growth stages reaching the highest
value upon physiological maturity; however, it varied in
response to different N and irrigation levels.

Nitrogen fertilizer applications and leaf nitrogen
status

Regression analyses were developed to calibrate
SPAD 502 chlorophyll meter by quantifying the re-
lationships between leaf N concentrations and SPAD
values for maize production (Fig. 7). Determination

600

£ 500 28

2

g

3

::—;_;

E

E]

2 |

| 16 31 46 61 76
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Figure 5. Cumulative irrigation depth for four irrigation treatments: control (I;); 80 % of field capacity (I,); 60

% of field capacity (I;); and 40% of field capacity (1.).
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Figure 6. Average of leaf area and plant height of maize during 2017 and 2018

coefficients (R?) indicated that 78% of the variation in
leaf N concentrations were explicated by SPAD reading
at each growth stage. Table 2 shows the effects of the N
treatments on SPAD values under four irrigation treat-
ments. Results from mean comparisons revealed that
SPAD values increased with an increase in the amount of
N fertilizer. The same trend was observed for N concen-
tration values not presented in this paper. Several compo-
nents affect this relationship. In general, leaf greenness
increases as soil N availability increases. Throughout
the growing season, younger leaves had lower SPAD
readings and leaf N concentrations, which increased
upon plant growth. Some gradual declines were obser-
ved in leaf N concentrations and SPAD values for all N
treatments because of the rapid growth before silking.
After silking, SPAD values and N contents slightly in-
creased and, then, continued declining (N %). Schepers
et al. (1992) stated that the stage of crop growth and the
time of N application could influence on the SPAD meter
readings. The box plot graph of leaf N concentration and
SPAD values for data sampling showed that the men-
tioned trends were observed for data collected in two
consecutive years (Fig. 8).

Irrigation traits and relative water content

In Fig. 9, box plot shows RWC rate data used in two
years of performing analyses. Plants under I; and I, treat-
ments usually had a 20-40 % lower RWC than plants recei-
ving adequate water (I, and I, treatments). In general, leaf
RWC was also lower in non-irrigated plants. Regarding
the irrigation schedule (Fig. 6), RWC values varied in each
day of growth stage. These results are confirmed by several
researchers’ findings, who stated that leaf RWC was affec-
ted by different soil moisture levels, so plants with similar
patterns of soil moisture content had similar RWC values
(Sangakkara et al., 2010; Zaman ef al., 2018).

Relationship between vegetation indices and field
measured data (leaf N concentrations, SPAD
value and RWC)

In this research, totally 528 images obtained from
each RGB and IR cameras were analyzed through image
processing and compared with field measured data (leaf
N concentrations, SPAD value and RWC). Therefore,

y = 0.1453 ¢%-0668x
6 R2=0.78

N(%)
S

/
o

0 10 20

40 50 60

SPAD

Figure 7. Relationships between leaf N concentrations (N%) and SPAD
value at eleven sampling dates for the two experimental years.
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Table 2. Mean comparison of main effect of N treatments on SPAD value under four irrigation treatments using Duncan multiple

range test.

Treatment 1!

Day after sowing

Irrigation  Nitrogen 23 27 36 42 43 48 52 55 61 63 71
I N, 243331 30.667¢  33.333"  36.333*  37.333* 38.333% 37.667° 39.667¢ 38.333% 36.667° 35.333¢
N, 26.667"  31.000:  36.333°  38.667*  39.000% 42.000¢ 40.333¢ 43.667°  40.333¢ 39.333% 38.000%
N; 28.333¢0  34.667° 44.667°  46.667™  48.333>  51.000° 42.333¢  46.333  43.667° 42.000¢ 40.667
N, 28.333¢  35.6677 46.667*  49.667°  51.333®  54.333*  46.333 48.667° 45.667° 43.333° 42.000¢
L N, 25.667"  29.667¢  33.667°  34.000°  35.000¢ 37.667¢ 34.333"  38.000% 36.667° 33.667° 33.000°
N, 26.333%  31.333% 356674  38.000%  38.333%  41.333¢ 38.667% 42.000¢ 39.333%¢ 37.667° 37.000°
N; 28.667¢"  33.667" 43.667  46.333%  47.333* 51.000® 41.000¢ 45.333¢ 42.000¢ 40.333¢ 39.333%
N, 29.333¢0  35.333ef  45.667°  50.667®  50.333® 52.333® 47.333  48.667° 44.333° 45.667° 44.667T
I N, 253331 31.0008  33.333"  34.667"  35.333" 37.000° 34.667°  37.000°  36.000° 32.667" 31.333%
N, 26.333%  30.000¢ 353334 35.333  37.333  40.667¢ 35.000¢  40.333¢ 38.333%¢ 34.333  33.000°
N; 26.667"  33.333f 42.333¢  45.667°  46.000™ 49.000° 40.667°  44.000°  41.333¢ 38.333% 36.667
N, 27.667"  34.333"  45.000°  50.000°  49.000° 50.667" 46.667 47.333%  43.667° 45.333 43.000%
L N, 25.0000  28.667¢"  32.333%  32.667°  34.000" 36.000° 32.333% 35.667" 34.333" 31.000¢ 30.000¢
N, 26.667"  28.333¢  33.000°  35.333  36.000° 39.000% 36.333*  40.000° 37.333 34.667° 34.000
N; 26.333%  32.333% 41.333¢ 43.333¢ 450000 48.333°  40.333¢ 42.333¢  40.333¢ 37.667° 36.667
Ny 26.333% 32000 44.667°  48.333"  48.000° 49.333" 46.000™ 47.000™ 42.333¢ 44.333¢ 42.333«¢

@1y, I, I; and 14: Irrigation treatments (100, 80, 60, and 40% of field capacity) and N, N,, N5 and N4: nitrogen treatments (0, 100, 200 and 300
kg N/ha), respectively. Means followed by the same letter are not significantly different at 5% level according to Duncan’s Multiple Range Test.

correlations between field measured data and studied ve-
getation indices (Table S1 [suppl]) were tested to select
the best index for estimating field measured data by using
regression models.

Details of linear regression models are shown in Ta-
ble 3. According to R%, RMSE and MBE values, top 10
performances for linear models were selected based on
ranking scores in Table S2 [suppl]. As observed, the best
performance results of regression equations between leaf
N concentrations, SPAD values, RWC, and vegetation in-
dices were MCARI (R*=0.590, RMSE=0.714 and MBE=-
0.004), CTVI(R?>=0.560, RMSE=0.739 and MBE=-0.004)
and CR (R?>=0.530, RMSE=0.768 and MBE=-0.092)

ity

604

504

SPAD
N(%)

404

>

304

20

w

~N

for SPAD value; MCARI (R?>=0.430, RMSE=0.653
and MBE=-0.004), HUE (R?=0.380, RMSE=0.703 and
MBE=-0.004) and CTVI (R>=0.370, RMSE=0.667
and MBE=-0.009) for leaf N concentrations; and TRVI
(R*=450, RMSE=12.750 and MBE=0.007), NDVI
(R*=0.420, RMSE=13.068 and MBE=0.004) and DVI
(R*=0.390, RMSE=13.440 and MBE=0.353) for RWC.
In addition, green excess index (EXCESSNIRB) indica-
ted the poorest performance on leaf N concentrations and
SPAD value estimations from different stages (R?>=0.0).
Also, it should be noted that most regression models
did not have an acceptable correlation with RWC values
(R?%<0.2).

% HHHHY

23 27 36 42 43 48 52 55 61 63 71

DAS

23 27 36 42 43 48 52 55 61 63 71

DAS

Figure 8. The boxplots of SPAD value and leaf N concentration (N %) for maize 2017 and 2018 samples.
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Figure 9. The boxplots of RWC (%) for maize 2017 and 2018
samples.

Our results are in agreement with those of many pre-
vious studies examining the use of spectral indices to esti-
mate the N status and RWC content (Clevers & Gitelson,
2013; Schlemmer et al., 2013; Yao et al., 2013). Even
though there are differences in the ranking of correlation
coefficients in various studies, many of reported differen-
ces may not be significant statistically. According to pre-
vious studies, for example, MCARI is an index with po-
tential for N fertilizer management (Daughtry et al., 2000;
Prey et al., 2018), corresponding well to our study. We
found that correlations between MCARI and SPAD va-
lues/ leaf N concentration data were consistently among
the best spectral indices for data on images taken during
11 days and that MCARI was not sensitive to changes
in LAI Based on studies, N management is very impor-
tant at the early stages. Thus, it is essential to estimate N
status in order to supply appropriate amounts of fertilizer
(Zheng et al., 2018). In this regard, our findings showed
that the accuracy of results obtained for MCARI was not
limited to plant growth stages.

Among studied indices (Table S1 [suppl]), R, G, B and
NIR signify the average values of red, green, blue and
NIR components of each of RGB and IR images, respec-
tively. Results showed that any combinations of R, G and
NIR band formulations had a qualitative relationship with
SPAD values and leaf N concentrations. As reported by
previous research, R and G components had good rela-
tions with chlorophyll contents, but B was poorly rela-
ted to chlorophyll contents (Yadav et al., 2010; Vesali et
al., 2015). Higher chlorophyll contents had a propensity
to absorb more energy in the form of light and reduced
the light that passed through the leaves (Pérez-Patricio
et al., 2018); and lower N con-centrations created higher
reflectance percentages in the visible region (Yao ef al.,
2013). However, Chlorophyll content is dependent on nu-
tritional conditions of plants (e.g. leaf N) (Hatfield et al.,
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2008) and is affected by other stress factors such as water
and light (Chaerle & Van Der Straeten, 2000). Therefo-
re, results from SPAD and from N regression models are
different.

In this study, indices such as TRVI, NDVI and DVI
that used red and NIR regions generally provided more
accurate estimates of water status than those operating
in the green or blue regions. As shown by previous stu-
dies, water treatments were separated in NIR region be-
ing strongly influenced by cell structures (Carter, 1991;
Schlemmer et al., 2005). The varying water levels altered
cell turgidity to create changes in leaf cell structures. Such
changes affect energy being absorbed, transmitted, or re-
flected by NIR (Schlemmer et al., 2005). Water deficit
treatments (I; and I,) had higher reflectance values than
those of adequate water treatments (I; and I,). N availabi-
lity have some effects on chlorophyll content and, conse-
quently, on leaf greenness within the visible region. Water
stress had a compound effect evidenced by an increase in
leaf reflectivity as both N and water stresses increased.
Under water-limiting conditions, energy absorption de-
creases and plant temperature increases, in consequence,
an additional increase occurs in reflectance as a plant de-
fence mechanism (Carter, 1991; Schlemmer et al., 2005).
An important point is that water stress will not have an
immediate impact on chlorophyll content, but will affect
the leaf’s spectral reflectance (Schlemmer et al., 2005).

Estimation of leaf N concentrations, SPAD value
and RWC by a linear model

In order to increase accuracy of estimated measured
data, creation of a new regression model was put on the
agenda. To build a framework for leaf N concentration,
SPAD and RWC estimation, linear regression was used
because of its low computational requirements and ma-
thematical simplicity. Although simple linear regression
requires lower computational power than multiple regres-
sion, results showed that a single variable model was not
the best option for measured data estimations. Hence, it
was assessed with different combinations of the indices
studied in this work. Relationships among the measured
data and superior indices were determined by linear re-
gression Equations (43) to (45) by using MCARI, TRVI,
NDVI and EVI.

N (%) = -1713.24+(-388.56xTRVI) +(11.41xNDVI)
+(7416.28<xMCARI) +(-2912.81xEVI) (43)
SPAD=-14381.73+(3327.32xTRVI) +(97.61xNDVI)
+(62472.52xMCARI) +(-24178.2xEVI) (44)
RWC= 33654.11+(14097.35xTRVI) +(-264.13xNDVI)
+(-167107<xMCARI) +(64693.92xEVI) (45)

It was demonstrated that all the proposed indices had
acceptable accuracy in terms of leaf N concentration,
SPAD value or RWC estimation; especially, the combi-
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Table 3. The regression equations between field measured data (leaf N concentrations, SPAD value and RWC),
and vegetation indices.

Index SPAD N (%) RWC
BMG Y=-406.21x - 58.698 Y=-47.601x - 9.2476 Y=-636.29x - 71.008
BMR Y=223.42x +99.153 Y=28.173x + 9.7868 Y=-14.767x + 77.555
CB Y=360.19x - 45850 Y=43.286x - 5512.5 Y=154.438x - 6853.9
CIG Y=-67.187x + 55.447 =-8.1671x +4.2016 Y=25.623x +75.162
CR Y=99.867x - 12784 Y=12.13x - 15554 Y=67.432x - 8576.6
CTVI Y=1823.4x - 1645 Y=227.86x - 208.23 Y=442.31x - 326.86
CVI Y=218.99x - 247.53 Y=26.548x - 32.533 Y=-2759x +442.16
DGCI Y=161.23x - 35.038 Y=19.72x - 6.8522 Y=45.178x + 60.89
DVI Y=-10937x +3163.4 Y=-1380.3x + 396.47 Y=150516x - 14351
EVI Y=10963x - 630.4 Y=1306.7x - 77.52 Y=23619x - 1360
EXCESSNIRB Y="7.7873x + 35.787 Y=0.7147x + 1.8986 Y=19.402x + 74.305
EXG Y=428.73x - 148.25 Y=150.822x - 19.994 Y=1507.25x - 139.63
GDR Y=183.3x-133.23 Y=21.809x - 18.29 Y=445.97x - 336.75
GDVI Y=334.93x - 146.31 Y=40.117x - 19.993 Y=759.83x - 338.15
GMR Y=-214.59x + 14.238 Y=-25.108x - 0.6953 Y=-79.487x + 72.492
GNDVI Y=467.26x - 199.5 Y=156.509x - 26.638 Y=2850.15x - 351.83
GNDVI-NDVI Y=1795x - 168.43 Y=214.48x - 22.578 Y=2156.6x - 167.29
GOSAVI Y=341.32x-152.19 Y=42.648x - 21.683 Y=90.114x + 31.155
GRDVI Y=260.65x - 34.359 Y=32.092x - 6.8277 Y=-37.387x +92.03
GRVI Y=112.87x - 114.59 Y=13.638x - 16.354 Y=2.176x + 78.596
GSAVI Y=181.33x - 68.865 Y=21.6x - 10.647 Y=1374.58x - 140.64
HUE Y=0.4669x + 1.2 Y=0.0574x - 2.4484 Y=0.3256x + 55.4
LIT Y=28.383x + 30.21 Y=0.8978x + 1.2567 Y=16.162x + 65.193
MCARI Y=11358x - 3426.7 Y=1366.6x - 414.72 Y=19603x - 5899.3
MGSAVI Y=349.64x - 158.15 Y=39.266x - 19.94 Y=630.82x - 273.59
MSAVI Y=280.66x - 69.664 Y=35.009x - 11.35 Y=-91.118x + 116.73
MSRG Y=149.65x + 9.6929 Y=18.242x - 1.3694 Y=-172.71x + 115.02
MTVI2 Y=328.34x - 44.631 Y=36.578x - 7.1155 Y=-104.09x + 107.97
NDVI Y=548.24x - 181.14 Y=66.37x - 24.445 Y=1238.6x-415.11
NDVI-CAM Y=105.57x + 55.979 Y=12.888x +4.2751 Y=157.373x + 90.945
NGRDI Y=114.7x + 70.838 Y=14.35x + 6.1861 Y=-20.719x + 75.745
SAT Y=282.686x + 5.6574 Y=10.413x - 1.9952 Y="72.706x + 52.501
SAVI Y=201.15x - 79.083 Y=23.926x - 11.843 Y=404.31x - 155.18
SAVI-CAM Y=-1281x - 95.685 Y=-153.8x - 13.968 Y=210.8x + 103.66
SR Y=121.83x - 116.73 Y=14.613x - 16.477 Y=263.9x - 255.13
TGI Y=48.176x + 22.662 Y=6.0274x + 0.1596 Y=-8.7018x + 84.447
TRVI Y=1036.9x - 959.01 Y=125.6x - 118.68 Y=2420.8x - 2247.8
TVI Y=19.45x - 54.524 Y=2.3923x - 9.3004 Y=-1.2676x + 87.626
VAL Y=281.56x - 209 Y=33.471x-27.28 Y=-24.1x + 102.75
YY Y=558.15x - 9105.9 Y=67.908x - 1110.4 Y=-169.37x + 2856.5
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Table 4. Performance results of multiple linear regression mo-
del between field measured data (leaf N concentrations, SPAD
value and RWC), and vegetation indices.

R? RMSE MBE
SPAD 0.91 2.06 0.00000
N 0.60 0.50 0.00065
RWC 0.90 5.54 0.00000

RWC: relative water content. RMSE: root mean square error. MBE:
mean bias error.

nation of all indices provided more accuracy to most of
the previous single variable regression models (Table
3). Table 4 gives the results of predicting measured data
from multiple linear regression model with the measured
data. As observed, R? values were 0.91, 0.60 and 0.90 for
SPAD value, leaf N concentration and RWC estimation,
respectively.

In summary, this study showed that low-cost modified
consumer-grade cameras is satisfactory. These results can
be useful and applicable to monitoring the leaf N concen-
trations, SPAD values and RWC, and represent an appro-
priate tool to support precision exercised in agriculture.
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