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Detecting tree water deficit by very low altitude remote sensing
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In a context of climate change and expected increasing drought frequency, it
is important to select tree species adapted to water deficit. Experimentation
in tree nurseries makes it possible to control for various factors such as water
supply. We analyzed the spectral responses for two genetic varieties of Douglas fir sapling exposed to different levels of water deficit. Our results show
that the mean NDVI derived from remote sensing at very low altitudes clearly
differentiated stress levels while genetic varieties were partially distinguished.
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Introduction

Important innovations in satellite sensors
over the last decades have made available
a great deal of information about landscape monitoring (Pettorelli et al. 2014).
Using plant reflectance of both high and
low wavelengths in infrared and red bandwidths, many vegetation indices have been
created. Among these, the NDVI (Normalized Difference Vegetation Index) developed by (Rouse et al. 1973) is being widely
used to study agricultural activities, biomass, plant productivity, chlorophyll concentrations and phenology. In forests, the
NDVI has been used for about thirty years
to assess fire risks (Gitas et al. 2014). In
terms of stand productivity, NDVI values
are strongly linked with leaf area index,
which is a good indicator of plant biomass
(Wang et al. 2005). Moreover, other studies have used the NDVI for tree species
identification on monoculture plots (Carleer & Wolff 2004). In addition, Camarero
et al. (2010) used variations in NDVI to de-
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tect an increase in canopy cover preceding
mast years for Quercus ilex. For drought
monitoring, this vegetation index is of particular interest (Peng et al. 2012, Volcani et
al. 2005). Drought conditions result in a
reduction in soil water availability, and
reduced levels of water in the soil layers
alter both soil-root and leaf-atmosphere
interfaces (Bréda et al. 2006). With global
climate change, droughts are expected to
become more frequent, and it is important
to plant tree varieties selected for their
resistance to dry conditions. Douglas fir
(Pseudotsuga menziesii [Mirb.] Franco) was
introduced in France for its exceptional
stand productivity and the quality of its
wood. However, this species comes from
regions where annual rainfall exceeds 800
mm year-1, a level that is not always
reached in the areas where the tree was
introduced (Rozenberg et al. 2012). Particularly for saplings, water stress can cause
mortality because the young tree’s shallow
roots are subjected to high temperatures
in the topsoil (Bréda et al. 2000). In tree
nurseries, we can experiment with drought

effects on young trees by controlling the
water supply. Coupled with the recently
developed NDVI technology for crop monitoring (Lebourgeois et al. 2008, Meyer &
Camargo Neto 2008), we used modified
commercial digital cameras and a mobile
darkroom in order to extract NDVI at low
cost. We studied the spectral response of
two Douglas Fir varieties exposed to different stress levels.

Material and methods
Plant material and experimental design

The experiment took place on two-yearold Douglas fir saplings in a greenhouse
during the 2013 growing season. Twentyfour boxes were planted with saplings following a two-way randomized block design
crossing two genetic varieties (A and B)
and six water stress levels, with one replication. Each box had been planted in 2012
on bare soil with 30 one-year-old trees. The
rectangular boxes were 1.40 m by 1.10 m
and 0.78 m deep (Fig. 1). The volume of soil
available for roots in each box was 0.70 m 3.

Fig. 1 - View
of a part of
the experiment.
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Fig. 2 - Color
Filter Array.

Tab. 1 - Percentage of soil water content
by stress level.
Stress level
Water deficit
Water deficit
Water deficit
Water deficit
Water deficit
Water deficit

Stress levels were measured by probes
(TRIME-IPH) and 6 categories from 1
(wettest) to 6 (driest) were distinguished
by Time-Domain Reflectometry (TDR) monitoring. Tab. 1 presents the percentage of
soil water content for each stress level.
Note that the intermediate level (Stress 3)
was characterized by normal watering (15%
water content) during the first phase of
the experiment, then watering was completely suspended on August 6th, 2013 in

order to simulate summer drought conditions. The soil water content for this level
was nearly the same as stress level 6 at the
end of the experiment (November 2013).

Image acquisition

We used a modified commercial digital
camera to access the infrared bandwidth
and an identical non-modified digital camera to assess the red band. Digital camera
sensors are sensitive to the full light specFig. 3 - (a):
Mobile darkroom; (b):
Example of
tree/box photography; left:
NIR and right:
RGB

1
2
3
4
5
6

Soil Water (%)
19.6
17.3
15
12.7
10.4
8.1

trum but manufacturers affix a Color Filter
Array (CFA), called “Bayer Matrix” (Fig. 2),
in order to record only visible wavelengths
(red, green and blue). When this filter is
removed, commercial cameras become
sensitive to infrared wavelengths (Rabatel
et al. 2014). By photographing the same
target with one modified and one nonmodified Canon® EOS 350D digital camera,
we recorded both near infrared (NIR) and
red (from RGB) bands that could be used
to calculate the NDVI. A mobile darkroom
was built in order to ensure identical photography conditions: target center points
(tree box), light intensity and camera
height (Fig. 3a, Fig. 3b). Cameras were
attached to a sliding support on the top of
the dark chamber in order to move alternatively each camera on a common image
acquisition vertical axis ideally located in
the center of the dark chamber roof. For
light intensity we chose tungsten lights
due to the major part of radiation emitted
in the red and infrared wavelengths. The
roof of the dark room was equipped with 6
tungsten lights (model Philips Aluline 111 ®,
50W, G53, 12V 8D, 1CT) provided by batteries with accurate tension monitoring in
order to guaranty color temperature of
3000 K. Camera settings were kept unchanged throughout the experiment and
images were recorded in RAW format with
a constant focal length of 34 mm and the
best resolution (3456 × 2304 pixels). We
photographed the 24 boxes at three dates
during the 2013 growing season: August
30th, October 4-5th, November 4-5th.

Image treatment

We processed the images with the
ArcGIS® software version 10.2. In lack of
spectral calibration of cameras, we divided
red and near infrared bands with a gray target (more visible in infrared spectrum) of
constant reflectance in order to overcome
different lighting effects related to bandwidth (Fig. 4). A panel was painted with
three layers of gray matt acrylic paint
(AFNOR NF T 36-005) to obtain a homogeneous reference surface with low reflectance. An image of the gray target was
acquired with the modified and non-modified cameras in order to quantify lighting
heterogeneity, reflectance from lateral
walls and other uncontrolled effects. Due
to different wavelengths in infrared and
visible bandwidths, settings differ from
cameras (Tab. 2). Thereafter we kept same
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Fig. 4 - Example
of image processing for box
no. 36 photographed on
August 30th,
2013.

Tab. 2 - Canon® EOS 350D Camera settings.
Camera
NIR
NIR GRAY
TARGET
RGB
RGB GRAY
TARGET

Shutter SensitiAperture
speed
vity
0.4
100
22.0
0.4
100
22.0
0.5
0.5

100
100

11.0
11.0

dates as follows (eqn. 1):
NDVI=

ρ NIR− ρ RED
ρ NIR + ρ RED

where ρ is the reflectance value in spectral
bands.

Statistical analyses

We used linear mixed effects models with
gaussian error distribution to analyse the
effects of stress (6 levels) and varieties (2
levels) and their interaction on the mean
NDVI (calculated on 25 × 104 pixels per box
and per date). A random “box” effect was
added on the intercept to take into
account a potential effect of replication
(there were two boxes for a given variety
and a level of stress, 12 replications in
total). We used an analysis of variance
(ANOVA, α = 0.05) to assess the effects of
treatments (stress × variety) on the response variable. All analyses were performed in R version 3.1.0 (R Development
Core Team 2014), using the library “nlme”.

Results
Stress effect
settings of cameras for the plant material
image acquisition. Only one picture of red
and infrared spectrum was used as reference for correcting all pictures acquired on
plant material.

We performed our analysis on a square
mask centered on the middle of the image
to avoid vignette effects (500 × 500 pixels).
The NDVI of each box was calculated by
automatic image processing for the three

In general, NDVImean decreased with stress
intensity during the growing season (Fig.
5a, Fig. 5b, Fig. 5c). Specifically, starting in
August, NDVImean decreased almost linearly
from stress level 1 (well watered) to 5 (almost never watered). Fig. 5c shows the

Fig. 5 - Mean NDVI at different dates. Different letters indicate significant differences in stress intensity (Tukey’s HSD test, with P <
0.05).
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Tab. 3 - ANOVA results of the effects of stress and origin on mean tree NDVI per box
for three dates (calculated on 25 × 104 pixels). (df): degrees of freedom; (*): p ≤ 0.05;
(**): p ≤ 0.01; (***): p ≤ 0.001.
Date

Variable

df

NDVI
30 Aug 2013

STRESS
VARIETIES
ST × VA
STRESS
VARIETIES
ST × VA
STRESS
VARIETIES
ST × VA

5
1
5
5
1
5
5
1
5

NDVI
4-5 Oct 2013
NDVI
4-5 Nov 2013

Mean
Square
0.65
0.00
0.00
0.17
0.00
0.00
0.14
0.00
0.00

F value
82.02
0.00
0.84
545.14
12.65
3.15
251.23
7.57
1.22

lowest NDVImean values for stress level 6 at
around 8 percent soil water content. By
the end of the experiment, all the plants in
this category had died. For the second
period (Fig. 5b), when watering was suddenly stopped in August, NDVImean decreased for stress 3. This trend was more
pronounced at the end of the growing season (Fig. 5c). Throughout the experiment,
stress effect levels were significantly different (Tab. 3).

Conclusions

Variety effect

Acknowledgements

During the growing season, differences
between varieties were slightly statistically
significant starting since October. There
was only one significant interaction between stress level and genetic variety in
the second period (Tab. 3).

Discussion

In this experiment, we studied the spectral response of two Douglas Fir varieties
exposed to different water stress levels
during the 2013 growing season. To be cost
effective, we adapted a method used in
crop studies and used a modified digital
camera and a non-modified digital camera
(Rabatel et al. 2014, Lebourgeois et al.
2008, Jensen et al. 2007) and a mobile
darkroom. This technology has also been
used for forest monitoring with Unmanned
Aerial Vehicles (Lisein et al. 2014).The
results in Tab. 3, Fig. 5a, Fig. 5b and Fig. 5c
are promising for very low altitude NDVI in
water deficit monitoring. Because water
deficit events strongly impact young tree
roots (Bréda et al. 2000), it is important to
test the most suitable tree species in a
global climate change context. We were
not able to provide results on genetic variety effects in our experiment due to methodological limitations (not enough replications) and similar spectral responses by the
two genetic varieties. From a forestry point
of view, these results are insufficient. Indeed, an experiment on only one growing
season cannot predict stress behavior over
the life of a stand. We should measure dendrometric variables for at least two successive years, as suggested in Becker’s work
(Becker 1974), in order to test correlations
between tree sizes and spectral responses.
218

Pr>(F)
7.45e-09 ***
0.93
0.54
1.03e-13 ***
0.003 **
0.04 *
1.04e-11 ***
0.01 *
0.35

Very low altitude remote sensing could
have a positive impact in tree nurseries.
Further research may focus on testing photography with direct solar light in order to
avoid the use a mobile darkroom. Other
vegetation indices, including simpler ones
based only on RGB bands, could also be
tested, following the suggestion for crop
monitoring by Meyer & Camargo Neto
(2008).
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