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Challenges in Water Stress Quantiﬁcation Using Small Unmanned
Aerial System (sUAS): Lessons from A Growing Season of Almond
Tiebiao Zhao, Brandon Stark, YangQuan Chen∗ , Andrew L. Ray and David Doll

Abstract— With water shortages and drought affecting many
regions of the world, it becomes urgent to increase water use
efﬁciency (WUE) by optimizing irrigation schedule. Proper
irrigation scheduling, which includes integrating of soil moisture monitoring, surface evapotranspiration loss calculation,
and plant based measurements is required for high WUE.
Stem water potential (SWP) has become one of the more
common methods to measure water status. It is, however,
labor intensive and time consuming, and adoption has been
slow. This study aims to build the link between SWP and
canopy normalized difference vegetation index (NDVI) based
on aerial multi-spectral images and ground-truth measurement
of an almond orchard. Data suggests that the correlation
between SWP and canopy NDVI can be improved by tuning
canopy NDVI threshold, as indicated by the coefﬁcient of
determination (R2 ). Also, NDVI shows good correlation with
SWP in different growing stages—fruit development and postharvest. Finally, it is demonstrated canopy NDVI distribution
from different missions are signiﬁcantly different, even if the
interval between two ﬂights is less than one hour. This poses
the challenge that further calibration is needed to conduct
quantitative measurement in long ﬂight missions. Meanwhile,
quantitative consideration of characteristic of bi-directional
reﬂectance distribution function makes it necessary to obtain
stable performance of canopy NDVI.
Index Terms— small unmanned aerial system (sUAS), canopy
normalized difference vegetation index (NDVI), water stress
detection, stem water potential (SWP)

I. I NTRODUCTION
Water is one of the the major constraints in agriculture
worldwide and water scarcity is a top problem worldwide[1].
Plants water stress occurs when evaporative demand exceeds
the water supply from the soil [2]. Water stress causes stomata closure and reduced uptake of carbon dioxide, leading
to diminished crop growth [3]. Almond is no exception, and
water stress results in serious yield losses [4], [5], [6], [7].
These losses occur due to a reduction of kernal size and
number. Furthermore, stress timing can compound lossess by
affecting future crops by impacting ﬂoral bud development
[7].
Irrigation scheduling is critical in applying the proper
amount of water at the right time. Proper scheduling requires
taking into account soil moisture status, evaporative demand,
and plant water status [5]. Within plant stress monitoring, it
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has been proven that SWP is a useful index in many fruit
tree species and is correlated with short- and medium-term
plant response to stress [8]. Detailed guidelines for irrigation
scheduling were developed by linking SWP to levels of stress
[9], [10]. However, SWP measurement is very labor intensive
and time consuming. SWP must occur either during pre-dawn
or within 2 hours post solar noon, and requires about 3-5
minutes per sample [10]. This limites the number of samples
that can be measured in a given day, making it difﬁcult to
measure large ﬁelds or conduct a detailed analysis.
Remote sensing has the capability to conduct the real-time
measurement over a large scale. Traditional remote sensing
platforms like satellites and aircraft are limited by high cost
or low resolution, and sometimes affected by weather conditions. Recently, with the remarkable development of small
unmanned vehicle systems(sUAS) and imaging sensors, images can be developed with a lower cost, higher spatial
resolution and more ﬂexible timing. This spurns considerable
research on applications of sUAS in agriculture [11]. A
limited amount of research on water stress monitoring using
sUAS have been published [12], [13], [14], [15], [16], [17],
[18], which shows positive correlation between reﬂectance
indices to water stress indicator—SWP. By far, to date,
thermal indices have shown the best correlation with SWP
[13], [14]. In these studies, the physiological indicator of
stress (PRI) correlated well with canopy temperature (R2 =
0.69) while the region of interest was constrained by NDVI
between 0.76 and 0.78 [12]. With NDVI, the relationship
with SWP had coefﬁcient of determination up to R2 = 0.68
at the row level [13], whereas at the crown level, NDVI
showed weaker sensitivity with SWP (R2 = 0.24) [5]. These
two studies utilized images with a spatial resolution 10 and
40 cm/pixel taken once in the growing season.
Enabled by an unmanned aerial vehicle (UAV) installed
with a low-cost multi-spectral camera, the goal of this study
was to assess the water status at the individual tree level
with higher resolution image (1.87 cm) with a more frequent
visitation, contrasting studies conducted at the region level
[13], row level [13] or crown level [5] and one visit within
a growing season. Zhao et al. showed [19] that the linear
relationship between canopy NDVI and SWP is weak when
all the measurements from different weeks are analyzed
together. In this study, we focus on the measurements from
an individual mission within a short time to minimize the
inﬂuence of solar motion and canopy structure changes. The
relationship between SWP and canopy NDVI was discussed
under different NDVI threshold, different growing stages and
different time around solar noon.

1366

irrigation water equivalent from 70% to 110% of crop evapotranspiration (ETc ), with each treatment increasing 10%.
Established in an randomized complete block design, each
treatment was replicated in three blocks: middle, west and
east block. Each plot is composed of three lines with 18
trees each and a buffer row between treatments (Fig. 1).
Crop evapotranspiration was calculated according to Food
and Agriculture Orgination (FAO) method [22].
ETc = Kc ∗ ETo ,

Fig. 1.

where ETo is the evapotranspiration rate of a reference
surface under optimum treatment and certain climatic conditions, and Kc crop coefﬁcient is deﬁned as the ratio ETc /ETo .
Kc utilized in this study was developed in California [7].

Overview of the study site in Looney, Merced

II. M ATERIALS AND METHODS
A. sUAS and payload description
The sUAS used in this study was built using DIY Quadkit
(3DRobotics, Berkeley, USA), modiﬁed to carry a single
camera payload for agriculture applications. One COTS
(Commercial-off-the-shelve) camera (ELPH110HS, Canon,
Japan) was ﬂown from August,2014 to October, 2015, which
is conﬁgured to detect three bands near-infrared (NIR),
green, blue (RGB). The ELPH110HS has a resolution of
4608 × 3459 pixels with 24 bit radiometric resolution and
has a focal length 4.3mm.
The RGB (ELPH110HS, Canon, Japan) camera is converted to the NIR camera by LDP, LLC, USA and its band
sets are centered at 430nm, 530nm and 700 nm.
The camera supports Cannon Hack Development Kit
(CHDK), which enables the autopilot to trigger cameras as
the script programmed, and hence synchronizes the image
with GPS and attitude log from the plane. Flight campaigns
were conducted around noon at 60m altitude, yielding a
ground spatial resolution of 1.87cm.
The raw data digital number (DN) value is converted to
reﬂectance by an empirical method [20]. Before the ﬂight,
an image of color checker was taken, where the reﬂectance
of dark (DND ) and white (DNW ) reference spots are 0 and
0.9 respectively. Then a DN value can be converted to a
reﬂectance using

ρλ =

DN − DND
.
DNW − DND

(2)

(1)

B. Study site
This work was conducted in a mature, commercial almond (Prunus dulcis) orchard in Ballico, Merced County,
California (37.493498◦ N, -120.634914◦ W). Three varieties
of Nonpareil, Carmel, and Monterey were planted on Lovell
peach rootstock 16 years ago, spaced at 5.5 m×6.1m. The
soil is composed of Rocklin loam and Greenﬁeld sandy.
The climate in the region is Mediterranean, characterized
by wet, cool winters with a rainy season and hot, dry
summers. Records show that its average annual extreme low
temperature range from 25◦ to 30◦ (F) [21]. Five treatments
were carried out in different plots, with the amount of

C. Field measurement
To determine the effects of irrigation treatments on tree
water stress, midday stem water potential (SWP) is measured
using a pressure chamber (PMS Instrument Model 600,
Oregon, USA) following standard procedures [23]. In 2014,
one sample tree in the middle of each plot was measured,
ﬁve measurements in each block, and in total 15 sample
measurements across the trial (middle, west and east). These
sample trees were measured once a week from July 31st,
2014 to October 2nd, 2014. The layout of sample trees is
shown in Fig. 1, where the sample trees are marked with red.
SWP was measured simultaneously as the ﬂight campaigns.
All of the obtained aerial images were stitched together to
generate the overall mosaic in Photoscan (AgiSoft LLC, Russia), then the measured trees were cropped manually from
the single frame by referring the mosaic, where the sample
trees were labeled with the markers. Only the image in the
most nadir footprint was considered for further processing.
NDV I =

ρNIR − ρB
.
ρNIR + ρB

(3)

In this paper, NDVI is calculated following the method
(3), where the blue band is used instead of red band, ρNIR
stands for the reﬂectance of object in NIR band and ρB
stands for the reﬂectance in blue band. This is reasonable
because the imager was only 60 m above the ground and
the atmosphere scattering would not have a signiﬁcant effect
on the blue band. Further, the technique generates better
registration accuracy from the optical Bayer ﬁlter between
the NIR and the blue bands than the method using ground
control points.
It is very critical to take pictures of the color checker
immediately prior to the ﬂight campaign, otherwise the solar
angle and light intensity will change and the conversion will
not be accurate. The DN of dark spot and white spot are
determined by the point located in the central part of its
histogram.
III. R ESULTS AND DISCUSSIONS
A. Shade tuning
In citrus, Stagakis et al. [24] classiﬁed the image into ﬁve
objects, sunlit crown, shaded crown, sunlit soil and crown
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edges based on the spectral signatures with the spatial resolution of 30 cm/pixel. It suggested that separation of shaded
pixels does not improve the sensitivity to water stress in
citrus. Inspired by the work [19], we hypothesis that shaded
pixels do not indicate water stress as much as sunlit parts
and averaging them together will reduce the relationship
between canopy NDVI and SWP. In addition, though all
the images taken from different weeks are calibrated with
color checker, the solar motion plus canopy growth could
cause signiﬁcant changes between two missions. In order
limit these disturbances, we analyze the relationship between
vegetation index and SWP with the data collected within one
mission.
For each image of the individual tree, ﬁrst the soil around
the canopy was cut away. Then only the region with the
NDVI in certain range was recognized as region of interest
of the canopy. Finally, canopy NDVI is obtained by averaging
these pixels. Experiments show that NDVI upper bound
will not help to improve the sensitivity, whereas the lower
bound (denoted as NDV IT h ) could improve the relationship
signiﬁcantly sometimes.
Taking the ﬂight over west block on September 11th, 2014
as an example, the distributions of canopy NDVI of ﬁve
sample trees are shown in the left side of Fig. 2. Unlike
the bimodal histogram of NDVI found in [13] for an entire
plot with spatial resolution of 10 cm/pixel, the distribution
of canopy NDVI here is unimodal. The right side of Fig. 2
shows the distribution of canopy NDVI after removing the
pixels of NDVI lower than 0.4, where the x axis is NDVI, and
the y axis is the number of pixels with certain NDVI. Fig. 3
shows the effects of NDV IT h on R2 , where R2 increases as
NDV IT h is increased in the range of 0 to 0.4, and decreases
when NDV IT h is increased in the range of higher than 0.4.
Maximum R2 is obtained when NDV IT h is 0.4. The linear
relationship between canopy NDVI and SWP is improved
from R2 = 0.13 to R2 = 0.51 (Fig. 3).
B. NDVI performance in different growing stages
We also analyzed the relationship in different growing
stages, in fruit development and after harvest. The almond
hull began to split and allowing it to dry [25] from July

0.2
0.3
NDVI Threshold

0.4

0.5

Effects of NDVI threshold on R2

to early August. The almond was harvested by the end of
September, and leaves started to fall in October. By tuning
NDV IT h , we have the relationship between canopy NDVI
and SWP of R2 = 0.7 and R2 = 0.66 (Fig. 4).
C. Effects of solar motion on canopy NDVI distribution
Then we tried to analyze the relationship using images
collected in three mission over three different blocks. In
September 4th, 2014, three mission were conducted at 1:03
PM in middle block, 1:45 PM in west block and 2:27
PM in east block. Tests of equality of distribution within
these 15 trees are conducted using two sample KolmogorovSmirnov test (Matlab2015b, Massachusetts, USA), with null
hypothesis that data sample x1 and x2 are from the same
continuous distribution. The result is 1 if test reject the
null hypothesis at 1% signiﬁcance level, and 0 otherwise.
Test results indicate that the distributions of canopy NDVI
within one block are similar, whereas they are signiﬁcantly
different between two blocks. Table I lists test result between
15 trees in the three blocks, where ’M’,’W’,’E’ stand for
middle block, west block and east block and ﬁve trees in
each block are numbered from 1 to 5. Therefore, correlation
analysis should be made within one mission rather than three
missions. It suggests that block-level relationship is more
robust, as shown in Fig. 5, where the overall ﬁtting is on the
left, and individual block ﬁtting on the right with optimal
NDV IT h of 0.1, 0.2 and 0.3 respectively.
IV. C ONCLUSION
The prediction based on canopy NDVI correlates well with
SWP, which suggests an alternative method to monitor crop
water stress. The canopy NDVI will decrease as the trees are
experiencing higher water stress. However, we discovered
in this paper that, not all the pixels within the canopy
indicate or inform the water stress. This could be explained
by the possibility that the pixels with low NDVI are either
not leaves, or leaves not illuminated directly by the sun.
Therefore, separation of these pixels by tuning the lower
NDVI bound or threshold helps optimizing the relationship
between canopy NDVI and SWP. Relationships before and

1368

10−02−2014 West Block

08−06−2014 West Block
0.8

0.25
2

2

NDVI =0,R =0.7

NDVI =0.2,R =0.66

Th

78

Th

0.245

76

Canopy NDVI

74
72
0.7

0.24

0.235

68
66

0.23

64
62
10.5

11

Fig. 4.

Fig. 5.

11.5
SWP(−Bars)

12

0.225
22

12.5

23

24

25
26
27
SWP(−Bars)

28

29

30

Relationship between canopy NDVI and SWP in different growing stages

Relationship between canopy NDVI and SWP in the range of three missions and one mission

after harvest show that canopy NDVI is working well in
different growing stages.
This work highlights effects of solar motion and the
associated challenges of applying canopy NDVI over a long

time. Even a one hour interval will cause a signiﬁcant change
in the distribution. This change happens in the fundamentally
physical level regarding canopy spectral response to the
illumination of sunlight. Calibration based on color panel

TABLE I
T ESTS OF EQUALITY OF DISTRIBUTION WITHIN 15 TREES IN THREE CONSECUTIVE MISSIONS

M1
M2
M3
M4
M5
W1
W2
W3
W4
W5
E1
E2
E3
E4
E5

M1
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1

M2
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1

M3
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1

M4
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1

M5
0
0
0
0
0
1
1
1
1
1
1
1
1
1
1

W1
1
1
1
1
1
0
0
0
0
0
1
1
1
1
1

W2
1
1
1
1
1
0
0
0
0
0
1
1
1
1
1
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W3
1
1
1
1
1
0
0
0
0
0
1
1
1
1
1

W4
1
1
1
1
1
0
0
0
0
0
1
1
1
1
1

W5
1
1
1
1
1
0
0
0
0
0
1
1
1
1
1

E1
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0

E2
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0

E3
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0

E4
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0

E5
1
1
1
1
1
1
1
1
1
1
0
0
0
0
0

does not apply to this disturbance, which matches with
the result in [26]. As a result, only images taken within
short time range are comparable after calibration with color
panel. Images taken in different times will cause different
distribution of canopy NDVI, and the analysis by putting
them together will not generate good correlation relationship
if no advanced corrections adopted.
Another challenging issue is the characteristics of bidirectional reﬂectance distribution function (BRDF). Even
though we conducted the relationship analysis using the
images collected in one short ﬂight, the performance was
inconsistent. The coefﬁcient of determination R2 in west
block in September 4th was as low as 0.33. This could
be caused by BRDF effects. Considering the images of
sample trees were manually cropped from each big frame
as well as payload vibration impacting resolution, it was
very hard to make sure these images were accurately in the
nadir shooting range. Accurate BRDF calibration in lowaltitude, high-resolution remote sensing is needed to have
more consistent correlation relationship and less subjective
interference.
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