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Abstract. Tropical forests are hyper-diverse and perform critical functions that regulate global climate,
yet they are also threatened by rising temperatures. Canopy temperatures depart considerably from air
temperatures, sometimes by as much as air temperatures are projected to increase by the end of this cen-
tury; however, canopy temperatures are rarely measured or considered in climate change analyses. Our
results from near-continuous thermal imaging of a well-studied tropical forest show that canopy tempera-
tures reached a maximum of ~34°C, and exceeded maximum air temperatures by as much as 7°C. Com-
paring different canopy surfaces reveals that bark was the warmest, followed by a deciduous canopy,
flowers, and coolest was an evergreen canopy. Differences among canopy surfaces were largest during
afternoon hours, when the evergreen canopy cooled more rapidly than other canopy surfaces, presumably
due to transpiration. Gross primary productivity (GPP), estimated from eddy covariance measurements,
was more strongly associated with canopy temperatures than air temperatures or vapor pressure deficit.
The rate of GPP increase with canopy temperatures slowed above ~28–29°C, but GPP continued to
increase until ~31–32°C. Although future warming is projected to be greater in high-latitude regions, we
show that tropical forest productivity is highly sensitive to small changes in temperature. Important bio-
physical and physiological characteristics captured by canopy temperatures allow more accurate predic-
tions of GPP compared to commonly used air temperatures. Results suggest that as air temperatures
continue to warm with climate change, canopy temperatures will increase at a ~40% higher rate, with
uncertain but potentially large impacts on tropical forest productivity.
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INTRODUCTION

The Earth’s temperature is rapidly warming
with rising anthropogenic CO2 concentrations in
the atmosphere (IPCC 2014). Global mean air
temperatures for the end of the twentieth century
are projected to increase between 0.3 and 1.7°C
to as high as 2.6–4.8°C relative to 1986–2005 tem-
peratures (IPCC 2014). Important differences in
projected future air temperature patterns exist

between high-latitude (boreal and sub-arctic),
temperate, and tropical regions. Critically, tropi-
cal regions may experience air temperatures well
outside of their historical range much sooner
(Battisti and Naylor 2009, Diffenbaugh and
Scherer 2011, Mora et al. 2013).
Tropical species may be especially sensitive to

rising temperature because they have evolved
within a narrow temperature range and further-
more exist closer to their upper temperature
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maxima (Janzen 1988, Ghalambor et al. 2006,
Tewksbury et al. 2008, Wright et al. 2009). Recent
work has highlighted temperature as having
large effects on tropical forest growth and mor-
tality, ecosystem function, and species distribu-
tions. In Costa Rica, tree mortality was
associated with higher nighttime air tempera-
tures (Clark et al. 2010). In the Amazon, leaf-
level photosynthesis and whole-canopy CO2

uptake decreased when leaf temperatures
exceeded 35°C (Doughty and Goulden 2008).
Multiple components of net primary productiv-
ity (NPP) have been shown to be sensitive to
temperature, from the negative effects on woody
tree growth in Costa Rica (Clark et al. 2010,
2013) and the Amazon (Toomey et al. 2011), to
the positive effects on flower production in
Panama associated with El Ni~no events (Pau
et al. 2013, 2018). The decrease in woody growth
in Costa Rica was associated with nighttime air
temperatures above ~21°C, consistent with an
increase in nighttime plant respiration (Clark
et al. 2003, 2010). However, leaf respiration can
acclimate to higher temperatures when experi-
mentally warmed (Slot et al. 2014), and higher
nighttime temperatures can stimulate seedling
growth despite an increase in leaf dark respira-
tion (Cheesman and Winter 2013).

Organismal temperatures are rarely consid-
ered or quantified in climate change projec-
tions, even though the actual temperatures
experienced by organisms often depart from air
temperatures. Indeed, organismal temperatures
determine physiological, biochemical, and meta-
bolic responses and thus are critical in shaping
patterns of biodiversity, biogeography, and cli-
mate sensitivity (Tewksbury et al. 2008, Fisher
et al. 2011, Still et al. 2014). In forest ecosys-
tems, canopy temperatures, while coupled to
air temperatures, are known to diverge from
air temperatures because of radiative energy
exchanges and strong ecophysiological controls
such as leaf characteristics (stomatal controls on
transpiration, leaf size, shape, pubescence, and
angle) and canopy architecture (e.g., height of
the canopy, density, roughness), which together
affect heat and water exchanges (Jones 1992,
Leuzinger and K€orner 2007). Critically, many
important canopy processes, like photosynthe-
sis, respiration, and transpiration, vary non-
linearly with canopy temperature, and thus

assuming leaves are at air temperature can lead
to large errors.
Empirical work on leaf temperatures using

measurements from thermocouples tends to be
species-specific and/or short-term (Doughty and
Goulden 2008, Rey-S�anchez et al. 2016). An alter-
native to leaf- and time-specific temperature
measurements is the use of land surface tempera-
ture (LST) products from satellites. Land surface
temperature is based on the thermal infrared
radiation measured by satellite radiometers,
which are capable of providing data across dif-
ferent ecosystems and seasons (Vancutsem et al.
2010). Comparisons have shown that denser
canopies are typically cooler than sparser vegeta-
tion because of larger latent heat fluxes, and that
evaporative cooling can occur even during dry
periods if roots are able to access groundwater to
maintain transpiration in the canopy (Vancutsem
et al. 2010, Mildrexler et al. 2011). The contribu-
tion of much hotter soils and more bare ground
in mixed pixels is also a potential contributor to
higher temperatures observed in sparser cano-
pies from satellite data (Mildrexler et al. 2011).
By contrast, site-level thermal cameras that cap-
ture just the canopy have shown that denser
canopies from temperate broad-leaved trees are
in fact warmer than sparser canopies, by up to
5°C (Leuzinger and K€orner 2007, Aubrecht et al.
2016), highlighting the complexity of canopy
thermal regimes.
Tropical forests may experience less climatic

variability than other biomes; however, their
high species diversity and complex forest canopy
structure can result in highly variable microcli-
mates. The vulnerability of tropical forests to cli-
mate change is critically important because these
habitats are among the most diverse in the
world, and store and cycle large amounts of car-
bon (Pan et al. 2011). For these reasons, accurate
and spatially resolved measurements are needed
to understand tropical forest responses to
changes in temperature. Advances in in situ sens-
ing have recently gained attention by providing
species-specific information in their natural habi-
tats and critical links to larger scale monitoring
from airborne and satellite measurements
(Turner 2014). Here, we present results from
in situ, near-continuous thermal camera monitor-
ing and eddy flux measurements of gross pri-
mary productivity (GPP)—which represents the
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gross rate of carbon fixed by the forest during
photosynthesis—at a tropical forest site in Barro
Colorado Island (BCI), Panama. We address two
primary questions with the goal of better under-
standing canopy temperatures: (1) How do
canopy temperatures, including differences
within the canopy and throughout the day,
depart from more commonly examined air tem-
peratures? and (2) What is the relationship
between canopy temperatures and GPP?

METHODS

Study site and instrumentation
Barro Colorado Island, Panama, is located at

9°100 N, 79°510 W. Barro Colorado Island is a
well-studied tropical moist forest with more than
2200 plant species, about 300 tree and shrub spe-
cies including ~12% deciduous broadleaf tree
species (Croat 1978). The site experiences annual
rainfall averages of 2642 (� 566) mm with a pro-
nounced dry season from January to April. In
our record, we captured the dry season from
February to April and the wet season from May
to September. Species in the camera field of view
(FOV) include, among others: Gustavia superba
(leaves simple, 1 m long, evergreen), Hura
crepitans (leaves simple, 11–25 cm long, decidu-
ous), Inga pezizifera (compound leaves, leaflets
8–2 cm long, evergreen), Platypodium elegans
(compound leaves, leaflets 2.5–7.5 cm long,
deciduous), Spondia mombin (leaves pinnate, up
to 60 cm long, deciduous), Spondia radlkoferi
(leaves pinnate, up to 54 cm long, deciduous),
Tabebuia guayacan (leaves palmate, 9–30 cm long,
deciduous), Tabebuia rosea (leaves palmate,
5–25 cm long, deciduous), Platymiscium pinnatum
(compound leaves, leaflets 5–11 cm long, decidu-
ous), Sterculia apetala (leaves palmate, 35 cm
long, deciduous), and Virola surinamensis (leaves
simple, 9–16 cm long, evergreen).

A thermal camera (FLIR A325sc, FLIR System,
Wilsonville, Oregon, USA) was installed on a
telecommunications tower 40 m above ground
(10 m above mean canopy height) facing south-
west to capture near-continuous thermal infrared
(TIR) images (Appendix S1: Fig. S1). The camera
was housed in a FLIR F-Series waterproof enclo-
sure (with a Germanium window that transmits
>99% of longwave radiation) to protect it from
ambient moisture and precipitation. The camera

uses an uncooled microbolometer detector to
measure photons in the 7.5–13 lm spectral range
with a pixel resolution of 360 9 240. A FLIR IR
18 mm lens (focal length: 18.0 mm; FOV:
25° 9 18.8°) was used for image collection.
Within the FOV, a single pixel spot size is
0.14 cm from 1 m, 1.4 cm from 10 m, 6.9 cm
from 50 m, and 20.8 cm from 150 m in a single
pixel. FLIR ResearchIR Max software was used
following methods described in Kim et al.
(2016).
Aubrecht et al. (2016) showed that camera

error is <1°C at air temperatures as high as 30°C,
irrespective of relative humidity. At air tempera-
tures above 30°C and relative humidity as high
as 80%, tests showed that camera error remained
below 2°C. Camera errors are primarily related
to the fixed parameters (e.g., emissivity, reflected
apparent temperature, and atmospheric temper-
atures) and calibration processes in the camera
and software (Minkina and Dudzik 2006). Of
these fixed parameters, emissivity appears to
contribute the most error (Aubrecht et al. 2016).
However, for emissivity values between 0.94 and
0.96, which is reasonable for most vegetation, the
error is ~1°C (Aubrecht et al. 2016). Furthermore,
if several objects are of similar distances from the
camera, the information on relative temperature
differences should be accurate compared to their
absolute temperatures (Faye et al. 2016, see Kim
et al. 2016 for further detail). Distances of canopy
surface types selected for analyses (deciduous
canopy, evergreen canopy, flowers, and bark),
measured with a laser range finder, were 57 m,
51 m, 143 m, and 57 m, respectively. Aubrecht
et al. (2016) found a small effect of distance on
an object’s retrieved temperatures, although
increased distance affected the minimum size of
the smallest resolved object and also the homo-
geneity of surfaces in a region of interest. Thus,
the comparison between the deciduous canopy,
evergreen canopy, and bark is the most robust,
whereas comparisons with flowers have the most
uncertainty, as they may include other canopy
elements in addition to flowers.
Thermal infrared images were collected every

5 min from 17 February to 30 September 2015,
resulting in 288 images per day, which captured
the beginning of the 2015 El Ni~no event. Due to
power failures, continuous measurements were
interrupted between 3 August and 6 August
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2015. In total, 5198 images were captured over
257 d. To our knowledge, this is the longest ther-
mal record from any tropical forest.

Meteorological variables and turbulent fluxes
were measured from a 45-m flux tower located in
the FOV of the camera (Fig. 1 and Appendix S1:
Table S1). Air temperature and RH were mea-
sured by a HC2S3 probe (Campbell Scientific,
Logan, Utah, USA) enclosed in a radiation shield.
Vapor pressure deficit (VPD; Pa) was calculated
using RH, and either Tair or Tcan, following Jacob-
son (2002). The four components of radiation were
measured with a CNR1 and a CMP11 pyranome-
ter (Kipp & Zonen, The Netherlands). Net radia-
tion (Rnet, W/m2) was obtained as the difference
between the sum of incoming shortwave and
longwave radiations and the sum of upwelling
longwave and reflected shortwave radiations.
Photosynthetically active radiation (PAR) was
measured using a sunshine sensor (BF5, Delta-T
Devices, UK). These variables were sampled every
5 s and stored as 5-min averages. Sensible heat
(H, W/m2), latent heat (LE, W/m2), and CO2 fluxes
(net ecosystem exchange [NEE], lmol�m�2�s�1)
were obtained from an eddy covariance system
equipped with CSAT3 sonic anemometer (Camp-
bell Scientific) and a LI-7500 open-path gas ana-
lyzer (Li-Cor, Lincoln, Nebraska, USA) located at
41 m from the ground. The sampling rate of the
eddy covariance system was 10 Hz, and fluxes
were computed on a 30-min averaging window

using a standard routine described in Detto et al.
(2010). Prior to computing the fluxes, a de-spiking
algorithm was applied to detect and remove
spikes in raw data (values greater than six stan-
dard deviations in a one-minute window), bad
readings exceeding a reasonable physical range,
and low diagnostic instrument values. A QA/QC
procedure was applied to the 30-min turbulent
fluxes to remove measurements during and
immediately after rain events, unreasonable phys-
ical values, or not satisfying other turbulent crite-
ria (Appendix S1: Table S2). Gross primary
productivity (lmol�m�1�s�1) was derived by sub-
tracting NEE from ecosystem respiration (RECO),
GPP = RECO-NEE. RECO was estimated as the
intercept of the NEE-light response curve (Lasslop
et al. 2010) computed on a 3-d moving window
using only daytime fluxes with friction velocities
larger than 0.4 m/s.
In order to compute daily time integrated

budgets, gaps were filled using Artificial Neu-
ral Network (Papale and Valentini 2003) with
hydro-meteorological inputs as predictors (soil
moisture, solar radiation, temperature, VPD,
and air pressure). To train the network, the
dataset was randomly divided into a training
set (70%), a validation set (15%), and a test set
(15%). A two-layer feed-forward network with
10 sigmoid hidden neurons and linear output
neurons was trained using the Levenberg-
Marquardt algorithm until the mean square

a) b) 

Fig. 1. Photograph of the forest canopy on Barro Colorado Island during the dry season and the thermal cam-
era in the foreground, mounted on a 40 m tower facing northwest, and the eddy flux tower in the background
(a). Thermal image of the forest canopy (b). Dotted black line is the cropped image used for Tcan values, while
black squares are regions of interest (each 2 9 2 pixels) used to extract values for different canopy surfaces
(a deciduous canopy, evergreen canopy, flowers, and bark). Both images taken on 17 February 2015.
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error (MSE) of the validation set stop improv-
ing (Hagan and Menhaj 1994). Performance, in
term of MSE, was evaluated using the test set
at the end of the training. This procedure was
repeated 100 times to produce 100 estimates of
GPP. Training multiple times generates different
results due to different initial conditions and
random sampling of the three sets. Ensemble
was obtained as weighted average from the 100
ANN predictions using the MSE of the test set
as weights according to:

fi ¼
P

k f
ANN
ik =MSEik

P
k 1=MSEik

The ANN was implemented using the Neural
Network Toolbox in Matlab 2014a (The Math-
Works, Inc., Natick, Massachusetts, USA).

Canopy surface types and statistical analysis
To compare canopy temperatures (Tcan from

the entire FOV) to air temperatures (Tair), 5-min
TIR and climate data were averaged to half-
hourly, hourly, or daily means. To examine spa-
tial and species variability in Tcan, different
canopy surface types were selected correspond-
ing to a deciduous tree canopy (P. elegans), an
evergreen tree canopy (unidentified), flowers
(from a liana in the crown of H. crepitans), and
bark (P. elegans). Canopy surface values used in
analyses were averages of six regions of interest
(ROIs) for each surface type (Fig. 1). Each ROI
was 2 9 2 pixels (distances provided above;
effective pixel sizes ranged between ~7 [leaves
and bark] and 20 cm [flowers]). To examine tem-
poral variability in Tcan, data were averaged to
morning (04:00–11:59), afternoon (12:00–19:59),
and nighttime (20:00–23:59 and 0:00–03:59)
values, following Kim et al. (2016).

Pearson’s correlations were used to examine the
strength and direction of relationships between
Tcan and Tair, as well correlations with meteorolog-
ical, radiation, and flux variables (Tair, H, LE, RH,
SWdn, Rnet, VPD). To examine non-linear relation-
ships between either metric of temperature (Tcan
and Tair) and GPP, we used piecewise regressions
of half-hourly mean data. We compared linear
models and piecewise models (with breakpoints
that resulted in the lowest residual error) using
Akaike’s Information Criterion (AIC), which
penalizes for the number of model parameters.

Models with DAIC < 2 are considered equivalent
best-fit models (Burnham and Anderson 2002).

RESULTS

Comparisons with air and leaf temperatures
Canopy temperatures (Tcan) were on average

1.6°C warmer than air temperatures (Tair) on a
daily basis and as much as 1.9°C warmer than
Tair in hourly averaged data (Fig. 2). For every
1.0°C increase in Tair, Tcan increased 1.4°C on
average using all day data (r2 = 0.90, P < 0.001,
n = 4192). When examining only morning data,
Tcan increased 1.5°C for every 1.0°C increase in
Tair, while afternoon only data had a smaller
increase (1.4°C for every 1.0°C increase in Tair).
Nighttime data had the smallest increase (1.1°C
for every 1.0°C increase in Tair). Morning Tcan
rose quickly with increasing Rnet from nighttime
lows when Tcan and Tair were more similar,
whereas afternoon Tcan was closer to Tair and

R2 = 0.90, P < 0.001

22.5

25.0

27.5

30.0

32.5

22 24 26 28 30
Tair (°C)
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 (°
C

)
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Afternoon
Night

Fig. 2. Relationship between air temperatures (Tair)
and canopy temperatures (Tcan). Tcan is on average
1.9°C warmer than Tair in hourly data, but departures
are greater at higher temperatures during morning
(04:00–11:59) and afternoon (12:00–19:59) hours, and
smaller at night (0:00–03:59; 20:00–23:59). All data:
b = 1.4, r2 = 0.90, P < 0.001; morning: b = 1.5,
r2 = 0.90, P < 0.001; afternoon: b = 1.3, r2 = 0.88,
P < 0.001.
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declined more slowly to nighttime temperatures
(Fig. 3). Peak Tcan occurred in late morning, at
11:00. The warmer morning Tcan matched a lower
Bowen ratio (morning median = 0.65), indicating
greater latent heat flux, whereas greater sensible
heat flux drove higher Bowen ratios (afternoon
median = 0.89) likely as stomatal conductance
and latent heat flux declined in the afternoon
(Fig. 4). Although latent heat fluxes were higher
in the morning, the largest Tcan departures from
Tair occurred when sensible heat fluxes were
higher (Fig. 4).

Average Tcan mask two modes in the data lar-
gely driven by differences in afternoon and
nighttime temperatures (Appendix S1: Fig. S1).
Mean Tcan averaged 27.7°C across the entire
record, but Tcan was within 0.5°C of the mean
only 19% of the time and within 0.1°C of the
mean only 3% of the time. The diurnal tempera-
ture range of Tcan was 5.5°C compared to 3.6°C

for Tair. The range of Tcan over the entire record
was 23.0–33.6°C (10.6°C range) compared to
22.0–29.8°C for Tair (7.8°C range). The maximum
difference between Tair and Tcan was 7.4°C, using
either 30-min or hourly averages (Appendix S1:
Fig. S2).

Spatial and temporal differences in canopy
temperatures
There were significant spatial (deciduous,

evergreen, flower, and bark) differences in
canopy temperatures (F3, 16764 = 12.78; P < 0.001;
time of day: F2, 16765 = 2669.00, P < 0.001). All
surfaces were significantly different from each
other (post-hoc Tukey’s: adj P < 0.001) except for
bark-flowers and deciduous canopy-flowers
(Fig. 3; Appendix S1: Fig. S1). However, the
magnitude of differences for mean temperatures
across all time periods was small (mean tempera-
tures: deciduous, 28.5°C; evergreen, 28.3°C; bark,
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Fig. 3. Tdiff (Tcan–Tair) for different canopy surfaces averaged from data collected 17 February to 30 September
2015 (January–April is the dry season; May–December is the wet season). The deciduous canopy values combine
temperatures from leafless and leafy months to represent average conditions of these species within the canopy.
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28.7°C; flowers, 28.6°C). There were also signifi-
cant temporal (time of day) differences in canopy
temperatures (F2, 16765 = 2669.00, P < 0.001). All
time-of-day groups were also significantly differ-
ent from each other (post-hoc Tukey’s: adj
P < 0.001). The largest mean difference was
between afternoon and nighttime temperatures
(mean temperatures: morning, 28.2°C; afternoon,
28.9°C; and night, 26.4°C).

A significant interaction between canopy sur-
faces and time of day resulted in larger tempera-
ture differences; that is, the difference among
canopy surfaces depended on the time of day
(surface types 9 time of day: F6, 16756 = 8.48,
P < 0.001; Appendix S1: Fig. S3). The largest sig-
nificant differences in canopy surfaces during
the same time of day occurred during the after-
noon between bark–evergreen canopy (0.7°C on
average, maximum of 1.7°C), followed by
flowers–evergreen canopy (0.4°C on average,
maximum difference of 0.2°C), then deciduous–
evergreen canopy (0.4°C on average, maximum
difference of 0.5°C), bark–deciduous canopy
(0.3°C on average, maximum difference of
1.2°C), and bark–flowers (0.2°C on average,
maximum difference of 1.5°C); all post-hoc
Tukey’s: adj P < 0.001).

Correlations showed that all canopy surfaces
(deciduous, evergreen, flowers, and bark) were

strongly correlated with Tair, and relationships
were strongest at night (Appendix S1: Table S3).
Different canopy surfaces were also similarly cor-
related with meteorological variables. Bark tem-
peratures were the most elevated above Tair,
mainly driven by maximum temperature differ-
ences (Fig. 3, Appendix S1: Figs. S3, S4).
On average, during morning hours, Tdiff

(Tcan – Tair) for all canopy surfaces rose quickly
with net radiation (Rnet), peaking between 09:00
and 11:00, and cooled more slowly in the after-
noon (Fig. 3; Appendix S1: Fig. S4). The ever-
green canopy peaked earliest in the day, whereas
deciduous canopy and bark peaked one to two
hours later. Bark tracked Rnet more closely than
other canopy surfaces. The diurnal pattern of
Tcan (i.e., the entire canopy) similarly peaks with
Rnet and appears driven by the diurnal patterns
of the deciduous canopy, flowers, and bark more
strongly than by the diurnal patterns of the ever-
green canopy.

Relationship between canopy temperatures and
gross primary productivity
Model comparisons showed that Tcan consis-

tently resulted in better model-fit of GPP than
Tair when using linear or piecewise regressions
(Table 1, Fig. 5a and 5b). Piecewise regressions
to identify non-linear relationships between Tcan
and GPP resulted in better model-fit compared
to linear regressions, and also showed that Tcan
was a better predictor of GPP than Tair. The best-
fit model identified a breakpoint at 28–29°C,
when GPP rose fastest with Tcan. Above 28–29°C,
the increase in GPP with Tcan begins to slow
(Table 1; Fig. 5b). Examining relationships by
morning or afternoon hours revealed similar
breakpoints around 28–29°C during morning
hours, above which the rate of GPP increase with
Tcan slowed (Table 2). During the afternoon, GPP
declined at Tcan above 31.6°C; that is, the slope
was negative (Table 2, Fig. 5b). However, the
decline was not significant in models that
excluded gap-filled data (Appendix S1: Table S4).
Peak GPP occurred when Tcan was ~2.5°C above
Tair, before and after which maximum GPP
dropped sharply (Fig. 5c).
Tcan also resulted in a better model of GPP

than VPD in both linear and piecewise regres-
sions (using either VPD calculated with Tair
[VPDtair] or VPD calculated with Tcan [VPDtcan]),

0.0
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5.0

7.5

0 1 2 3

H λE

T d
iff

(°
C

)

Morning
Afternoon

Fig. 4. The relationship between Tdiff (Tcan–Tair) and
the Bowen ratio (H/kE). Morning Bowen ratios were
lower (median = 0.65), indicating greater latent heat
flux, whereas afternoon values were higher (me-
dian = 0.89), indicating greater sensible heat flux.
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which should have a direct effect on GPP via its
influence on leaf stomatal conductance (Table 1;
Appendix S1: Fig. S5). High rates of GPP were
correlated with high LE (r = 0.77), high Rnet

(r = 0.68), high PAR (r = 0.67), high SWdn

(r = 0.67), high H (r = 0.62), and low RH (r =
�0.40; all correlations had P < 0.0001; App-
endix S1: Table S5, Fig. S6). Gross primary pro-
ductivity was more strongly correlated with Tcan
(r = 0.71, P < 0.001) than with Tair (r = 0.66,
P < 0.001) or other meteorological variables,
and only the flux variable LE had a higher
correlation.

DISCUSSION

Here, we show important differences between
Tcan and more commonly examined Tair. We fur-
thermore demonstrate the importance of these
differences for more accurately predicting GPP at
this tropical forest site in Panama. On average,
Tcan was almost 2°C warmer than Tair, but on
individual days the offset frequently exceeded
5°C and was as high as 7°C for short time peri-
ods. Interestingly, Tcan remains warmer than Tair
at night. This is not consistent with nighttime ra-
diative cooling, which drives Tcan below Tair.

Table 1. Model comparisons of Tcan, Tair, and vapor pressure deficit (VPD) to predict gross primary productivity
(GPP).

Models of GPP DAIC k R2 b1 (below) b2 (above)

Tcan (piecewise: 28.6°C) – 5 0.52 2.36** 2.91***
Tcan (piecewise: 29.2°C) 10.50 5 0.52 2.91* 2.46***
Tcan (piecewise: 32°C) 16.92 5 0.52 3.62*** �0.32 (N.S.)
Tcan (simple linear) 94.02 3 0.51 3.41*** –
Tair (piecewise: 26°C) 639.48 5 0.44 1.74*** 4.41***
Tair (piecewise: 28.4°C) 630.70 5 0.44 3.97*** �0.17 (N.S.)
Tair (simple linear) 704.82 3 0.43 4.19*** –
VPDtcan (piecewise: 927 Pa) 1585.26 5 0.30 0.02*** �0.01***
VPDtair (piecewise: 783 Pa) 1609.10 5 0.30 0.02** 0.01***
VPDtcan (simple linear) 2024.92 3 0.22 0.01*** –
VPDtair (simple linear) 2112.11 3 0.20 0.01*** –

Notes: Temperature breakpoints in piecewise models to estimate non-linear relationships were chosen based those that
resulted in the lowest residual error. En dash indicates no value.

AIC, Akaike’s Information Criterion; k, number of model parameters; R2, coefficient of determination; b1, slope below break-
point; b2, slope above breakpoint.

***P < 0.001, **P < 0.01, *P < 0.05, N.S. P > 0.05.

Fig. 5. Relationships between Tair, Tcan, Tdiff (Tcan–Tair), and gross primary productivity (GPP). Tair (a) was a
worse-fit model and explained less variability in GPP compared to Tcan (b; Tables 1 and 2). At Tcan above 28–
29°C, the increase in GPP slowed with increases in Tcan. The afternoon decline in Tcan above 31°C (black line) was
not significant when excluding gap-filled data. GPP peaked when Tcan was ~2.5°C above Tair (c), and declined
below and above 2.5°C.
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Nighttime cooling of the canopy is also con-
firmed by negative sensible heat fluxes at night
and in the early morning indicating heat transfer
from warmer air into cooler vegetation. This dis-
crepancy might be explained by the complex
structure of the tropical forest, heterogeneity of
thermal properties of canopy elements, and ver-
tical stratification of the canopy and air tempera-
tures. Tcan derived from thermal images with
shallow angles captures more canopy elements,
such as bark and regions of the understory
(Figs. 1 and 3), rather than only the upper sur-
face canopy, which is expected to experience
radiative heat loss at night. Future investigation
into the mechanisms that drive warmer Tcan at
night would provide novel insight into the
energy budget of tropical forests.

Differences among canopy surfaces were lar-
ger during afternoon hours when the evergreen
canopy cooled more rapidly than other canopy
surfaces, likely because of latent heat loss. Addi-
tionally, the more open deciduous canopy was
warmer than the dense evergreen canopy
because of the hotter bark exposed during the
dry season. In contrast, thermal imaging studies
from temperate forests showed that denser cano-
pies from broad-leaved trees were warmer than
sparser canopies, possibly owing to the higher

transpiration of sparse open canopies (Leuzinger
and K€orner 2007).
Although we show that tropical forest cano-

pies stay within a much more limited range of
temperatures—both temporally and spatially—
compared to temperate forests (Leuzinger and
K€orner 2007, Scherrer and K€orner 2011, Aubrecht
et al. 2016, Kim et al. 2016), tropical species are
thought to live closer to their upper temperature
limit and may be more sensitive to temperature
variability (Janzen 1988, Ghalambor et al. 2006,
Tewksbury et al. 2008, Wright et al. 2009). Differ-
ences within the canopy of up to 1.7°C should
influence the diversity and distribution of
canopy dwelling-species, such as mammals (Bris-
coe et al. 2014) and ants that experience the very
hot temperatures of bark (Kaspari et al. 2015), or
epiphytes that partition microhabitats within
tropical forest canopies (Woods et al. 2015).
Morning and afternoon hours showed bimodal

distributions or, for morning hours, positive skew-
ness (Appendix S1: Fig. S1). Measures of Tleaf from
Panamanian tree species using thermocouple wires
also noted the bimodal distribution of daytime tem-
peratures (Rey-S�anchez et al. 2016, Slot and Winter
2017b). Thus, mean values do not accurately cap-
ture canopy temperatures, with maximum temper-
atures in the afternoon driving temperatures away
from the mean most frequently.
Although the theoretical leaf energy balance is

well understood, complex heat transfer within
spatially heterogeneous and temporally dynamic
canopies has limited ecological understanding of
canopy temperatures (Jones 1992, Leuzinger and
K€orner 2007, Aubrecht et al. 2016). In addition to
lower wind speeds experienced within the
canopy, not all leaves within a canopy are
exposed to high radiative warming. Although
individual leaves in tropical forests can reach
temperatures above 40°C, the entire canopy can
stay below this value due to the aggregated effect
of hot, brightly lit leaves and cooler, less illumi-
nated leaves (Doughty and Goulden 2008).
Our results suggest that as anthropogenic cli-

mate change continues to warm our atmosphere,
daytime canopy temperatures, which integrate
heat and water stress, will experience a 30–50%
greater increase than air temperatures. If climate
change manifests as drier conditions in Panama,
this would limit evaporative cooling that occurs in
morning, and canopy temperatures may reach a

Table 2. Model comparisons of Tcan and Tair to predict
gross primary productivity (GPP) during morning
(04:00–11:59) or afternoon (12:00–19:59) hours.

Parameters DAIC k R2
b1

(below)
b2

(above)

Morning
Tcan (piecewise: 28.6) – 5 0.60 3.17*** 2.43***
Tcan (piecewise: 31.4) 1.38 5 0.60 3.80*** 1.00

(N.S.)
Tcan (piecewise: 29.2) 7.70 5 0.60 3.62*** 2.11***
Tcan (simple linear) 59.77 3 0.59 3.46*** –

Afternoon
Tcan (piecewise: 28.8) – 5 0.48 1.87*** 3.04***
Tcan (piecewise: 27.3) 2.07 5 0.48 0.08*** 3.76***
Tcan (piecewise: 29.1) 20.23 5 0.48 2.36 2.81***
Tcan (piecewise: 31.6) 21.46 5 0.48 3.63*** �4.17***
Tcan (piecewise: 30.1) 29.18 5 0.48 3.16*** 1.39***
Tcan (simple linear) 82.73 3 0.46 3.44*** –

Notes: Temperature breakpoints in piecewise models to esti-
mate non-linear relationships were chosen based those that
resulted in the lowest residual error. En dash indicates no value.

AIC, Akaike’s Information Criterion; k, number of model
parameters; R2, coefficient of determination; b1, slope below;
b2, slope above breakpoint.

***P < 0.001, **P < 0.01, *P < 0.05, N.S. P > 0.05.
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high temperature threshold earlier in the day. Our
empirical study identified a temperature threshold
between 28 and 29°C (averaged across the entire
canopy), at which point the rate of GPP increase
with temperature declined, though GPP itself was
still increasing. The decline in GPP during the
afternoon at ~ 31°C was not significant when
excluding gap-filled GPP data; however, this may
result from a Type II error (there were only 37 data
points above 31°C without gap-filled data, but
these high temperatures may become more com-
mon in the future). Very similar leaf temperature
thresholds for photosynthesis of 29.8°C in a wet
forest in Panama and 30.8°C in a seasonally dry
forest in Panama (similar to BCI) have been docu-
mented (Slot and Winter 2017a), as well as 30–
30.5°C in a Brazilian tropical forest (Doughty and
Goulden 2008, Doughty 2011).

While our observational study has revealed
existing relationships between Tcan and GPP,
extrapolating correlative relationships for future
predictions can be highly uncertain. For example,
incoming solar radiation, a strong influence on
Tcan, may not increase with future climate change
unless there are associated reductions in cloud
cover. Thus far, there is no evidence of long-term
changes in cloud cover at BCI (Pau et al. 2013).
Additionally, it is possible that increasing GPP at
cooler temperatures may offset declines at high
temperatures, and thus, the net outcome for GPP
at this site is unclear. Afternoon declines in GPP
occur in many flux tower sites, with peak VPD
in the afternoon strongly controlling stomatal
closure (Lasslop et al. 2010).

Tcan inherently captures aspects of the canopy’s
response to VPD and radiation (and non-steady-
state responses to the environment such as wind
speed), resulting in better prediction of GPP at this
site. However, the underlying mechanisms driving
Tcan may shift from morning to afternoon (i.e.,
evaporative cooling to sensible heat loss). Tcan fur-
thermore integrates a diversity of species in a bio-
logically complex tropical forest comprised of
different surfaces (bark and flowers) and species
with different leaf traits. Thus, greater evaporative
cooling, which kept maximum Tcan lower in the
mornings, is in part driven by the relative abun-
dance of species that have the ability to increase
latent heat loss by having high stomatal conduc-
tance or the ability to limit sensible heat gain by
having large leaves with a large boundary layer

resistance. Species can also lower leaf temperatures
by, for example, decreasing net radiation absorbed
through differences in leaf angle, pubescence, and
leaf waxes. Deciduous species on the other hand
represent an avoidance strategy by dropping
leaves during the dry season when conditions at
BCI are warmer, drier, and sunnier. Canopy tem-
perature differences associated with different spe-
cies composition should also help refine our
understanding of the biophysical impacts of chang-
ing forest cover on local climate conditions (e.g.,
Bonan 2008, Luyssaert et al. 2014, Li et al. 2015).
Our study examines the effect of Tcan on GPP—

the rate of carbon fixed by the forest during pho-
tosynthesis—but large uncertainty remains
regarding the effect of temperature on plant respi-
ration and resulting NPP, that is, the net amount
of carbon fixed and accumulated as plant bio-
mass. Satellite-derived NPP has revealed decreas-
ing trends across the tropical forest biome
between ~2000 and 2010 (e.g., Zhao and Running
2010, Cleveland et al. 2015), while process models
predict a long-term increase in NPP (Cleveland
et al. 2015). Accurate projections of carbon cycling
for the tropical forest biome will require direct
field measurements from representative sites to
capture landscape-level variability, over a
sufficiently long time (Clark et al. 2017). To com-
plement such large-scale analyses, continuous,
high-resolution measurements of in situ canopy
temperatures, such as described here, will be criti-
cal to understanding diverse canopy responses to
rapid climate warming expected in coming years.
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