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Abstract: Developing a good understanding of the interactions between forest plantation growth
and climate is essential for predicting the impact of climate change on terrestrial ecosystems and
for assessing the adaptation and vulnerability of tree species. One such interaction, the response in
growth rate of a forest stand to changes in temperature, may be described mathematically. Some
models that run on monthly time steps assume a yearly optimum, minimum, and maximum tem-
perature for simplicity, which may not represent well to actual forest growth. Here, we developed
a finer-resolution methodology that encompasses monthly growth rates and temperature limits to
calibrate the parameters for an envelope curve in Eucalyptus plantations in South America. Several
polynomial curves were tested to determine temperature patterns, and their yearly tree growth
patterns demonstrated that responses to temperature differed by as much as 10 ◦C among seasons.
The best curve was a second-degree polynomial curve, whose extreme values indicated the optimum
temperature and whose real roots limited the minimum and maximum temperatures for growth.
This polynomial was fitted every month to describe yearly changes in optimum, maximum, and
minimum temperatures. When fitted to annual data, it determined 7 ◦C, 19 ◦C, and 31 ◦C as the
minimum, optimum, and maximum temperatures for tree growth, respectively. The monthly model
predictions indicated that the minimum, optimum, and maximum temperatures lay between 8 ◦C
and 16 ◦C, 18 ◦C and 22 ◦C, and 27 ◦C and 30 ◦C, respectively. These monthly temperature ranges
can improve the estimation of productivity in process-based models. Our results contribute to the
understanding of tree growth dynamics and its relationship to changes in temperature. Accurate
ranges of temperature can be used to improve productivity predictions in new expanding planting
regions with no previous information or to suggest a regionalization for potential species.

Keywords: temperature range; Eucalyptus growth; second-degree polynomial curve

1. Introduction

Environmental temperature is responsible for regulating the growth of trees; in ad-
dition, it is a key modulator in the synthesis of proteins which are responsible for lignifi-
cation [1]. Ribulose 1,5-bisphosphate carboxylase/oxygenase (RuBisCo) is a key enzyme
in the Calvin–Benson–Bassham cycle in plants and plays an important role in photosyn-
thesis [2]. It is, therefore, responsible for the production of all biomass and needs specific
conditions for its catalytic activation [3]. Ref. [4] reported that the rates of RuBP car-
boxylation, oxygenation, and electron transport increase in response to environmental
temperature dynamics.

Air temperature is a common variable used in process-based models for modeling
forest productivity, and it has been implemented in the following models: CARBON [5],
ECOPHYS [6], BIOMASS [7], TREE BGC [8], 3-PG [9], and CABALA [10]. These models
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predict the rate of tree growth and describe productivity on monthly, annual, and seasonal
scales. Thus, the range of favorable temperatures that are used to summarize the response
of the plant to air temperature can be called the cardinal temperature [11,12].

Threshold temperature can be determined using linear and nonlinear mathematical
models that predict the influence of temperature on the growth of plants [13]. In linear
models, the growth rate is assumed to be proportional to the interaction with temper-
ature [14], whereas in nonlinear models, the response of plant growth to temperature
changes is explained through a curve in which there is a peak of growth [15]. The nonlinear
models, coupled with function-derived growth rates, can show new hypotheses about
plant population and community ecology [16].

Modern systems for analyzing nonparametric data stimulate them to fit models with
more flexibility and less assumption through the integration of stochastic processes and
statistical models [17]. Some trees have unknown ecophysiologies, owing to the lack of
cultivation data under different climatic conditions. Despite the availability of numer-
ous models for estimating cardinal temperatures, it is still unclear whether a linear or a
nonlinear model would be more effective for such studies [13].

The accurate estimation of the effects of temperature on plant development improves
the ability of growth simulation models to predict the impact of weather on growth rates
and to explore the adaptation abilities of plants [18]. This is challenging because different
phenological stages, as well as different processes of plant growth and development, have
different temperature boundaries. Mathematical models represent an alternative to process-
based dynamic models for predicting crop yields as a function of climatic conditions [19].
However, it is difficult to identify the behavior of the most relevant input variables for
inclusion in regression models [20]. Models used to characterize real-world processes
are affected by uncertainty and selecting an appropriate model is a vital aspect of the
decision-making process in any study [21].

Regression models explore the dependency between variables using the least squares
method [22] or maximum-likelihood sense [23]. However, this study provides the opti-
mum cardinal temperatures based on the best-fit parameters for a nonlinear model using
optimization capabilities. This study aims to calculate cardinal temperatures for growth
of Eucalyptus plantations in South America, and to indicate the most appropriate model
to be used for this purpose. The results can be used to establish the yearly and monthly
acclimation patterns present in forest species.

2. Material and Methods
2.1. Experimental Data and Climatic Classification of Sites

This study is composed of data on Eucalyptus growth rates and air temperature
measured in Brazil (six sites) and Uruguay (two sites). The study sites are part of the
TECHS Cooperative Research Program (Tolerance of Eucalyptus Clones to Hydric, Thermal
and Biotic Stresses), which started in 2011 in Brazil and Uruguay [24] (Figure 1). We
selected eight TECHS sites planted from January to April 2012 covering a wide range of
climates where most of the commercial Eucalyptus plantations are located, from Cfa (humid
subtropical zone with hot summer and without dry season—Site 16 and 25), Cfb (humid
subtropical zone with temperate summer and without dry season—Site 23), Cwb (humid
subtropical zone with temperate summer and dry winter—Site 24), Cwa (humid subtropical
zone with hot summer and dry winter—Site 20), As (tropical with dry summer—Site 30),
and Aw (tropical with dry winter—Site 29 and 31).
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Figure 1. Geographic distribution of TECHS sites used for establishing the threshold temperature 
for Eucalyptus urophylla in South America. (Reprinted/adapted with permission from Ref. [25]. 
2013, Alvares, C.A.; Stape, J.L.; Sentelhas, P.S.; Gonçalves, J,L.M.; Sparovek, G). 

Figure 2 displays average monthly temperature from 8 contrasting sites. The sites 
covered a large temperature range (monthly average ranging from 12 °C to 27 °C) and 
were selected to represent climatic variability of in the climatic gradient that encompasses 
a wide range of temperature in South America. The curves extend from as far as the 
minimum to the maximum mean temperatures. During the period from 2012 to 2018 (6 
years), the variation between the monthly averages of the maximum and minimum 
temperatures of the study sites was around to 10 °C to 30 °C. 

Figure 1. Geographic distribution of TECHS sites used for establishing the threshold temperature
for Eucalyptus urophylla in South America. (Reprinted/adapted with permission from Ref. [25]. 2013,
Alvares, C.A.; Stape, J.L.; Sentelhas, P.S.; Gonçalves, J.L.M.; Sparovek, G).

Figure 2 displays average monthly temperature from 8 contrasting sites. The sites
covered a large temperature range (monthly average ranging from 12 ◦C to 27 ◦C) and were
selected to represent climatic variability of in the climatic gradient that encompasses a wide
range of temperature in South America. The curves extend from as far as the minimum
to the maximum mean temperatures. During the period from 2012 to 2018 (6 years), the
variation between the monthly averages of the maximum and minimum temperatures of
the study sites was around to 10 ◦C to 30 ◦C.

Meteorological data were recorded at the meteorological stations in situ (S) at each
experiment site. The minimum and maximum temperatures were recorded at 1 h intervals
at all sites from 2012 to 2018. For our analysis, climatic data were aggregated on a daily
basis. Days with more than four missing records (4 h in a row) were not considered when
following our rigorous data processing setup [26]. These data were then compensated
by from the meteorological data taken from other meteorological stations (I), i.e., the
National Institute of Meteorology (INMET) and by the Instituto Nacional de Investigacion
Agropecuaria (INIA), which are managed by the Brazilian and Uruguayan governments,
respectively. Information about the location (latitude, longitude, and altitude) and distance
between these meteorological stations are shown in Table 1. These meteorological stations
(I) were chosen due to their proximity to the sites and the similarity in altitudes.
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Figure 2. Analysis of average monthly temperatures (from January to December) from 2012 to 2018
based on the seasonality of the period.

Table 1. Comparison of the location of the TECHS sites with the location of the meteorological stations
of either the National Institute of Meteorology (INMET) or the Instituto Nacional de Investigacion
Agropecuaria (INIA).

Site State/Country

Meteorological Station in Situ (S) Meteorological Station from INMET or INIA * (I) S↔ I

Lat Long Alt Lat Long Alt Distance

Graus Meters Graus Meters Kilometers

16 * Uruguay −32.2 −57.8 50 −34.3 −57.7 72 112.9
20 Sao Paulo—Brazil −22.4 −47.0 633 −22.0 −47.0 633 17.7
22 Parana—Brazil −24.2 −50.5 888 −24.0 −50.0 1106 31.4
23 Santa Catarina—Brazil −27.5 −50.1 870 −27.0 −51.0 982 53.5

25 * Uruguay −33.3 −57.9 37 −34.3 −57.7 47 103.8
29 Maranhao—Brazil −3.4 −43.1 81 −4.0 −43.0 91 46.7
30 Minas Gerais—Brazil −17.3 −43.8 848 −17.0 −44.0 646 64.6
31 Bahia—Brazil −16.3 −39.6 200 −16.0 −39.0 88 47.6

* INMET—National Institute of Meteorology or INIA—Instituto Nacional de Investi-gacion Agropecuaria, which
are managed by the Brazilian and Uruguayan governments, respectively.

Across the study sites, a commercial clone from Eucalyptus urophylla, widely planted in
Brazil, was monitored every 15 to 30 days. Its choice is due to the satisfactory performance
in tropical and subtropical regions [27]. This species occurs naturally over a wide latitudinal
range from about 8 to about 10◦ S, especially in the islands of the West Timor, the islands
of Flores, and the islands of Indonesian West Timor. Aw is the most common climate
classification for this particular species, but it has been found in a lower proportion in Af,
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Am, Cwa, and Cwb climate classification, and its annual thermal requirement is from 16 ◦C
to 27 ◦C [28].

Diameter at breast height (DBH) was measured every 15 to 30 days from six trees
at each site from 2014 to 2018 (4 years). Total height was calculated based on the forest
inventory carried out every 6 months. Aboveground dry mass was estimated by harvesting
6 trees at each site (n = 8 trees/clone, totaling 96 trees). Destructive sampling was performed
at 3 and 6 years after planting (mid and end of rotation) [29]. Dry mass equations for stems
were fitted using the linearized model of Schumacher and Hall. Ref. [30] was fit to DBH
and total height (TH) (Equation (1)).

ln(BS) = β0 + β1ln(DBHi) + β2ln(THi) + ei (1)

where the generalized logarithmic model shows dry steam biomass (BS), diameter at breast
(DBHi), total height (THi), residual error (ei), and the model parameters (β0, β1, β2).

It is noteworthy that in this study, we did not analyze the biomass of leaves and
branches. Parameters used for this function were β̂0 = −5.12133, β̂1 = 2.11419, and
β̂2 = 1.19044, and the square of the adjusted R-squared (0.96), standard error (14.26), p-value
(<0.0001), and minimum and maximum DBH (10.2 cm and 23.0 cm) are as shown in the
following.

2.2. The Models

The growth models presented in this study were fitted for estimating the relative
current increment of biomass. Here, models returned values in the growth range from 0
to 1, where 1 denotes maximum growth or potential growth. The coordinates of the peak
for all functions represents the potential productivity (y) and optimum temperature for
growth rate (x); thus, the Y axis received the name of growth rate modifier (GRM) and was
defined as the adjustment of the maximum growth via a bordering sign of the potential
productivity.

Model selection is a hard task; therefore, we used the four rules or guidelines estab-
lished by [31]. The first rule postulates the use of fewer parameters in the model. Models
that use more parameters than necessary showed poor estimation behavior, and this process
was called overparameterization. The second rule postulates making decisions about the
goodness-of-fit of your model, i.e., checking whether the model is satisfactory for interpret-
ing data analysis behavior. The third rule is to apply the fit-most-complicated model, if the
goodness-of-fit is not satisfactory. Finally, the last rule is to choose the model wherein the
goodness-of-fit is improved.

The pre-selected models allow the use of inflection points, with a maximum and/or
minimum value. The beta function has been used for explaining the behavior of the growth
rate of the plant as a function of temperature [32]. Based on this function, the temperature
modifier equation (Equation (2)) was developed, which describes the response of tree
growth to air temperature [33].

f (x) =

( x− β0

β2 − β0

)(
β1 − x
β1 − To

) β1−β2
β2−β0

 (2)

This model present three parameters, where β0 ≤ x ≤ β1, x = average monthly tem-
perature (in ◦C); β0 = minimum or base temperature; and β2 = optimum air temperature.
We compared a nonlinear beta function with a second-grade polynomial. However, the
sigmoid pattern can be represented piecewise, using a linear and a convex equation se-
quentially [34,35]. The quadratic polynomial consists of a simple curve, and it also has
three parameters (β0, β1, and β2). This function has a single maximum or minimum value,
but without an inflection point (Equation (3)), and the parameter must be greater than 0
(β2 > 0).

f (x) = β2x2 + β1x + β0 (3)
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In addition to these models, the inverse second-grade polynomial is a versatile model
with three parameters (Equation (4)). It was used for describing the relationship between
crop yield and number of plants per unit area [36].

f (x) = 1
/

β2x2 + β1x + β0 (4)

A polynomial exponential is an elegant way of using a curvilinear equation and
provides a gradual transition from one phase to the next [37]. In order to consider these
possibilities, two functions were used (Equations (5) and (6)).

f (x) = exp
(

β2x2 + β1x + β0

)
(5)

f (x) = xβ0 ∗ exp(β1 − β2 ∗ x) (6)

Finally, we used a model that considered the ratio of the second-degree polynomial
(Equation (5)):

f (x) = x
/

β2x2 + β1x + β0 (7)

2.3. Analytical Approach

For analysis of our data, we used the Data Envelopment Analysis (DEA) technique,
which was initially used for describing the efficiency and productivity of economic systems
through new models and interpretations [38]. In this study, we applied the same principle.
The set of data for decision making in the time (t) in high frequency (t = 15 or 30, . . ., n) has
non-negative inputs xt = (x1t, . . ., xmt) and non-negative outputs yj = (y1t, . . ., yst), i.e.,
mean temperature and growth rate, respectively.

The optimizer algorithm used for maximization of the regression models was inserted
in the ‘optimx’ package [39] available for the R statistical language and environment [40].
The fitting parameters were simulated for each model through real numbers, which keeps
the regression curve upper, at the same time, closer to the observed data.

3. Results and Discussion
3.1. Stem Dry Mass Production and Air Temperature

Stem dry biomass production of the Eucalyptus urophylla showed synchronization with
the mean air temperature. The dynamics of the agreement of biomass accumulated in
the stem is reduced when the temperature is higher than 22 ◦C. In South America, this
occurrence increases with increasing latitudes (−32.2◦ S to −3.4◦ S) In these regions, the
trees were able to synthesize up to 2 kg of dry biomass for stem. However, under limited
resource conditions, the trees had stopped growth and development. Sites located in the
subtropical region (Sites 16, 22, 23, and 25) presented monthly temperatures with peaks
that reached temperatures around 25 ◦C, whereas sites located in tropical (Sites 20, 29,
30, and 31) presents longer periods with a range of among 21 ◦C and 26 ◦C. The biomass
accumulated by trees is influenced by the maximum and minimum monthly average
temperatures; therefore, it controls the onset or stoppage of tree growth. The following
figure shows an appropriate visualization of this pattern (Figure S1).

The difference between the growth synchrony or growth rate for contrasting locations,
in terms of dry stem biomass, DBH, or volume (Figure S2), depends on the inter- and
intra-seasonal effects of temperature. Biomass accumulates breakpoints that depend on
the species and the species adaptation to environmental conditions; therefore, the genetic
variation in photosynthetic response can stimulate adaption. In this case, the stomatal
responses to temperature affect the rate of carbon dioxide (CO2) diffusion into the leaf
which controls the internal CO2 concentration and is responsible for the efficiency of carbon
fixation [41].

The annual temperature range needed for plant growth provides an idea of the thermal
requirements of plants. However, the temperature response occurs within a short time
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of period; therefore, the seasonality among the months of the year cannot always be
considered adequate indicators of annual mean temperature. Phenological events are
regulated by temperature; therefore, it can stimulate the emergence of new shoots and
the flowering of plants [42]. The flowering and growth of Eucalyptus depends on specific
ranges of temperature, and the trees may be taller or shorter depending on the species and
site characteristics [43,44]. Moreover, the effect of different temperatures on the metabolism
of trees is responsible for either stimulating or causing the cessation of growth between
phenological stages [45].

3.2. Growth Rate Modifier and Models

Nonparametric functions do not assume a particular form/shape for the experiment;
however, it does provide a general overview of the relation between output (growth rate)
and input (temperature). For the context of this study, the limit of the vertex simulation
was established based on the premise that real tree productivity corresponds to only half
of its potential productivity. According to [46], the loss is greater than 50% of the final
yield when there are drought periods. Potential yield of plants depends on the amount
of solar radiation received, efficient use of light, translocation of photosynthates in plants,
and efficient synthesis of organic carbon from inorganic carbon [47,48]. Therefore, our
simulations considered the limit for reaching the potential productivity which denotes the
maximum growth rate (Equation (2)).

We carefully analyzed all the reasons that led to the rejection of some functions. In
the first case, a curve was generated using the beta function (Equation (2)). This function
establishes the limits of the range at which the data were observed. The same curve can
be described for the polynomial function (Equation (3)) however, its limits are greater
than those in the previous curve. For other models, the minimum and maximum tem-
perature ranges are farther that the real points at which tree growth starts and ends
(Equations (4)–(7)). Another noteworthy feature is the vertex of the Exponential Model
(Equation (6)) that moves beyond potential productivity limits. Finally, the criteria to select
the best model consisted of adding up the values of the integrand for each fitted function
and then selecting the function with the lowest area per unit (Figure 3).

The function areas that were analyzed followed the order of the Quadratic Polynomial
(Equation (3)) < beta function (Equation (2)) < Exp Quadratic Polynomial (Equation (5)) <
Rate Polynomial (Equation (7)) < Inverse Quadratic Polynomial (Equation (4)) < Exp Model
(Equation (6)). In this study, our results suggest that the Quadratic Polynomial was more
adequate for fitting rate growth to air mean temperature because it can be defined as the
lowest area per unit. Table 2 provides the parameters, area, and absolute error for each
model that was studied.

The second-degree polynomial equation can be easily implemented to describe the
yearly acclimation patterns present in forest species, as well as to improve process-based
models. Nonmonotonic functions have the upside that each fort of a polynomial of degree
≥1 is a peak. In addition, forts of this function include peaks and points at the base of a
platform, i.e., the range within which all values are at the same constant [34]. In this case,
the discriminant can be used for discovering the ideal temperature for maximum growth
(Equation (8)). In addition, the minimum and maximum temperature will be determined
by two real roots (Equations (9) and (10)) that should have a discriminant greater than zero.

Optimum Temperature (optT) = ∆ = β1
2 − 4 ∗ β2 ∗ β0 (8)

Minimum Temperature (minT) = x1 =

(
−β1 +

√
optT

)
2 ∗ β2

(9)

Maximum Temperature (maxT) = x2 =

(
−β1 −

√
optT

)
2 ∗ β2

(10)
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Table 2. Model parameters with optimized support regression curve with maxima and minima for
Eucalyptus urophylla.

Model Name f(x) ^
β0

^
β1

^
β2

Area Absolute Error

Equation (2) Beta Function f (x) =

[(
x−β0

β2−β0

)(
β1−x
β1−To

) β1−β2
β2−β0

]
2.2744 37.6508 19.9640 18.86794 <6.5 × 10−9

Equation (3) Quadratic Polynomial f (x) = β2x2 + β1x + β0 −1.5923 0.2732 −0.0072 15.69885 <1.7 × 10−13

Equation (4) Inverse Quadratic Polynomial f (x) = 1
/

β2x2 + β1x + β0 5.3897 −0.4481 0.0115 22.20823 <2.9 × 10−7

Equation (5) Exp Quadratic Polynomial f (x) = exp(β 2x2 + β1x + β0
)

−2.8590 0.3094 −0.0083 19.92385 <5.9 × 10−5

Equation (6) Exp Model f (x) = xβ0 ∗ exp(β1 − β2 ∗ x) 8.2905 −15.2678 0.4681 26.00404 <1.7 × 10−3

Equation (7) Rate Polynomial f (x) = x
/

β2x2 + β1x + β0 35.5476 −2.1410 0.0773 20.36569 <2.1 × 10−7
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Fitting the quadratic function to the data facilitated the extraction of cardinal values in
degree Celsius (◦C) for Eucalyptus urophylla in tropical and subtropical climatic conditions
(Figure 4). The annual optimal air temperature for tree growth was 19 ◦C, whereas the
annual minimum and annual maximum temperatures needed to start and stop tree growth
were 7 ◦C and 31 ◦C, respectively. The observations by [33] strengthen the idea that the
climatic requirements of different Eucalyptus species range between temperatures of 15 ◦C
and 27 ◦C for the optimum temperature, between 3 ◦C and 6 ◦C for the minimum tempera-
ture, and between 22 ◦C and 30 ◦C for the maximum temperature. However, these authors
used a fitted beta function in their models, which resulted in the underperformance of the
former in the determination of threshold temperature for growing Eucalyptus urophylla.
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3.3. Cardinal Temperature and Process-Based Models

The beta function was used [49] for describing the effect of temperature on the rate of
crop rice growth. Later, process-based models, such as the 3-PG (Physiological Principles
Predicting Growth) model developed by Landsberg and Waring 1997 [50], incorporated
the same function to improve the models for studying forest growth. Recently, the annual
thermal requirement of Eucalyptus urophylla discovered through this study showed a high
performance in the 3-PG model [51], so the optimized support regression curve is a way to
determine the acclimation patterns of trees and suggest improvements in process-based
models.

We compared the beta distribution reported in the literature with a second-degree
polynomial equation. This was the first step for understanding the dynamics of Eucalyptus
growth; after that, we analyzed the beta function with the second-degree polynomial
equation on a monthly scale. This relationship between tree growth and second-degree
polynomial equation became stronger and more evident when we analyzed high-resolution
time scales (Figure 5).

The second-degree function was also able to describe the temperature range required
for tree growth on the monthly scale. The fitted function followed the same process from
simulation for identifying model parameters, area, and absolute error for each model
studied (Table 3). We believe that this determination can drive management decisions
based on expected scenarios of climate change and the thermal requirements for Eucalyptus
urophylla. Most of the months fitted the growth rate to air mean temperature with the
lowest area per unit; therefore, our results also recommend that the quadratic polynomial
is more adequate for explaining variations throughout the year.
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Based on monthly average temperatures and the high frequency monitoring of tree
growth, monthly temperature ranges were identified for each month. The monthly accli-
mation patterns of Eucalyptus urophylla in the contrasting weather of South America are
indicated in Table 4.
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Table 3. Quadratic model and beta function parameters with optimized support regression curve
and cardinal temperature for Eucalyptus urophylla.

Month
2nd Degree Polynomial Beta Function

^
β0

^
β1

^
β2

Area Absolute
Error

^
β0

^
β1

^
β2

Area Absolute
Error

January −11.5092 1.1100 −0.0246 8.4520 <9.4 × 10−14 16.1375 23.3863 31.4918 8.0729 <4.9 × 10−5

February −15.7086 1.4359 −0.0309 7.5211 <8.4 × 10−14 15.6712 23.4399 31.7432 8.4867 <2.8 × 10−5

March −14.8584 1.4004 −0.0309 7.5279 <8.4 × 10−14 13.7724 21.6694 30.0155 8.5889 <2.2 × 10−5

April −7.1868 0.7713 −0.0182 9.8281 <1.1 × 10−13 13.7724 21.6694 30.0155 8.5889 <2.2 × 10−5

May −3.3387 0.4562 −0.0120 11.9704 <1.3 × 10−13 6.0409 18.2299 30.9412 13.1905 <2.4 × 10−5

June −1.9104 0.3395 −0.0099 13.3144 <1.5 × 10−13 3.0467 16.2665 30.0540 14.3065 <2.6 × 10−5

July −1.9210 0.3409 −0.0100 13.3400 <1.5 × 10−13 3.0467 16.2665 30.0540 14.3065 <2.6 × 10−5

August −2.0265 0.3219 −0.0086 14.2415 <1.6 × 10−13 6.8377 18.8862 31.0061 12.8763 <1.4 × 10−6

September −3.5280 0.4690 −0.0122 11.8531 <1.3 × 10−13 6.5255 17.8706 29.5968 12.2376 <1.6 × 10−5

October −6.0212 0.6695 −0.0160 10.4198 <1.2 × 10−13 8.5334 22.1008 36.9952 14.9869 <7.4 × 10−5

November −9.3220 0.9343 −0.0212 9.0602 <1 × 10−13 13.2544 22.8786 32.7458 10.3517 <9 × 10−6

December −7.1279 0.7536 −0.0175 10.1607 <1.1 × 10−13 13.8997 22.4568 31.1807 9.1860 <5.5 × 10−6

Table 4. Quadratic model parameters with optimized support regression curve and cardinal temper-
atures for Eucalyptus urophylla.

Minimum Temperature
(minT—◦C)

Optimum Temperature
(optT—◦C)

Maximum Temperature
(maxT—◦C)

Month minT= (+β1+
√

optT)
2∗β2

optT=β1
2−4∗β2∗β0 maxT= (+β1−

√
optT)

2∗β2

January 16.2 22.5 28.9
February 17.6 23.3 28.9

March 17.0 22.7 28.3
April 13.8 21.2 28.6
May 9.9 19.0 28.1
June 7.1 17.1 27.2
July 7.1 17.1 27.2

August 8.0 18.8 29.5
September 10.3 19.3 28.3

October 13.1 21.0 28.8
November 15.2 22.1 28.9
December 14.0 21.6 29.2

To make it easier to understand, we classified the temperature range that we discovered
for growing Eucalyptus urophylla in tropical and subtropical climatic conditions (Figure 6).
The following boxplot shows each mean temperature range (minimum, optimum, and
maximum). The red diamond inside the box is the monthly average temperature. The
whiskers, the two lines at either end, extend from the box as far as the minimum and
maximum mean temperature for each temperature range. The lowest seasonal average
minimum temperature for starting the growth of the trees was observed in May, June, July,
and August. The minimum temperatures in this period reached values ranging from 7 ◦C
to 10 ◦C. In the same period, the average monthly optimum temperature for maximum
growth was 18 ◦C (±0.87 ◦C). However, the minimum temperatures in the months of
January, February, March, and April had values that ranged from 14 ◦C to 18 ◦C, whereas
in the months of September, October, November, and December, the average monthly
temperature for starting Eucalyptus growth lay between 10 ◦C and 15 ◦C. The optimum
temperature for the four initial and the four final months of the year was around to 22 ◦C.
Overall, the average maximum temperature for stopping growth is 29 ◦C, and it had a
lower standard deviation (±0.71 ◦C).



Forests 2023, 14, 1631 12 of 16

Forests 2023, 14, x FOR PEER REVIEW 13 of 18 
 

 

To make it easier to understand, we classified the temperature range that we 
discovered for growing Eucalyptus urophylla in tropical and subtropical climatic conditions 
(Figure 6). The following boxplot shows each mean temperature range (minimum, 
optimum, and maximum). The red diamond inside the box is the monthly average 
temperature. The whiskers, the two lines at either end, extend from the box as far as the 
minimum and maximum mean temperature for each temperature range. The lowest 
seasonal average minimum temperature for starting the growth of the trees was observed 
in May, June, July, and August. The minimum temperatures in this period reached values 
ranging from 7 °C to 10 °C. In the same period, the average monthly optimum temperature 
for maximum growth was 18 °C (±0.87 °C). However, the minimum temperatures in the 
months of January, February, March, and April had values that ranged from 14 °C to 18 
°C, whereas in the months of September, October, November, and December, the average 
monthly temperature for starting Eucalyptus growth lay between 10 °C and 15 °C. The 
optimum temperature for the four initial and the four final months of the year was around 
to 22 °C. Overall, the average maximum temperature for stopping growth is 29 °C, and it 
had a lower standard deviation (±0.71 °C). 

 
Figure 6. Minimum (A), optimum (B), and maximum (C) mean temperature ranges are represented 
by boxplots, along with the cardinal temperature for growing Eucalyptus urophylla under tropical 
and subtropical climatic conditions, depicted by blue lines. The amplitude of these ranges is 
represented by an orange-colored area (D). 

Finally, we are faced with the following question: if we use a monthly temperature 
range, can we improve process-based models? The deductive manner developed here 
shows that our results are logically developed and that we used monthly mean 
temperatures in association with growth rates. Therefore, this scale becomes more 
appropriate for studying the phenological behavior of plants. The variation in 
temperature determines the biological activities of the cells, and therefore, it regulates the 
growth of the trees through temperature synchronization with carbon assimilation, as can 
be seen in Figure 3. Furthermore, it is not possible to assess proper physiological 
information on a yearly or rotational time scale. Presumably, the most frequent mistake 
of a process-based model is to assume that seasonal variability does not exist. In most 
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by an orange-colored area (D).

Finally, we are faced with the following question: if we use a monthly temperature
range, can we improve process-based models? The deductive manner developed here
shows that our results are logically developed and that we used monthly mean temper-
atures in association with growth rates. Therefore, this scale becomes more appropriate
for studying the phenological behavior of plants. The variation in temperature determines
the biological activities of the cells, and therefore, it regulates the growth of the trees
through temperature synchronization with carbon assimilation, as can be seen in Figure 3.
Furthermore, it is not possible to assess proper physiological information on a yearly or
rotational time scale. Presumably, the most frequent mistake of a process-based model is to
assume that seasonal variability does not exist. In most cases, insufficiently sampled data
are processed at an inappropriate scale, which then shows a reduced accuracy of results.

The growth rate modifier map created using second-degree polynomial equation can
be used to selected for predictors of optimum temperature. Except for the first trimester,
the model showed that the Central region maintained a value close to 1 (Figure 7). So,
this region had the highest predicted tree productivity based on mean temperature. The
south side of South America had gradually reduced productivity for plant growth. Growth
rate increases were lower during the winter season (June–July), when temperatures were
relatively low; this effect was more pronounced in the South region. Overall, we concluded
that the dark areas with a mean temperature below 7 ◦C experienced a drastically reduced
growth rate (value close to 0) for trees, while the average maximum temperature for
stopping growth is around to 30 ◦C. The Legal Amazon area represents the geographic
borders of the political region under the jurisdiction of SUDAM—established by Article
2 of Complementary Law no. 124, of 3 January 2007—which promotes its inclusive and
sustainable development in order to integrate the local production into the national and
international economy, according to [51].



Forests 2023, 14, 1631 13 of 16

Forests 2023, 14, x FOR PEER REVIEW 14 of 18 
 

 

cases, insufficiently sampled data are processed at an inappropriate scale, which then 
shows a reduced accuracy of results. 

The growth rate modifier map created using second-degree polynomial equation can 
be used to selected for predictors of optimum temperature. Except for the first trimester, 
the model showed that the Central region maintained a value close to 1 (Figure 7). So, this 
region had the highest predicted tree productivity based on mean temperature. The south 
side of South America had gradually reduced productivity for plant growth. Growth rate 
increases were lower during the winter season (June–July), when temperatures were 
relatively low; this effect was more pronounced in the South region. Overall, we 
concluded that the dark areas with a mean temperature below 7 °C experienced a 
drastically reduced growth rate (value close to 0) for trees, while the average maximum 
temperature for stopping growth is around to 30 °C. The Legal Amazon area represents 
the geographic borders of the political region under the jurisdiction of SUDAM—
established by Article 2 of Complementary Law no. 124, of 3 January 2007—which 
promotes its inclusive and sustainable development in order to integrate the local 
production into the national and international economy, according to [51]. 

 

Figure 7. Quadratic model with optimized support regression based on mean temperature range
optimum for growing Eucalyptus urophylla in tropical and subtropical climatic conditions.

The reduction in the enzymatic activity and reduction in the membrane flexibility are
two main direct effects of low temperature [52]. When plants are incapacitated due to this
effect, it causes cellular damage or death, and the widespread variation in biochemical re-
sponses depends on the genetic and physiological differences between different species [53].
High-temperature conditions that exceed the threshold level are responsible for causing
irreversible injury/harm to overall plant growth, metabolism, and productivity [54]. Very
high temperatures (above 40 ◦C) weaken root growth and can kill them [55]. Our study
determined that tree growth in South America happens at an average temperature of up
to 29 ◦C; however, it is worth remembering that during the hottest periods of the year,
monthly temperature can fall to 10 ◦C, so the stress time was directly related to the propor-
tion of the damage and monthly average temperature. Temperatures above 40 ◦C caused
serious damage to photosystem II, which did not recover when heat stress lasting more
than 15 min occurred [35]. Finally, appropriate genotypes should be recommended for an
area according to their thermal requirements. Thus, the evidence of our findings shows us
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why we must take into account monthly temperatures, and why it is important to study
the annual pattern to estimate biological processes.

4. Conclusions

A second-degree model has been fitted to describe tree cardinal temperatures. The
main features of this model can be summarized as the detection of minimum, optimum,
and maximum temperatures required for tree growth on the annual and monthly scale.

The knowledge of temperature range required for tree growth is important to optimize
process-based prognosis models, in addition to selecting suitable species depending on
the climatic conditions of the region, and consequently to improve the yield and support
genetic breeding programs.

The temperature ranges needed to maintain tree growth show variations throughout
the year. Mean annual values undoubtedly improve the quality of the model; however,
the variability between months should be considered for accurate estimates. As a result of
this study, growth modelers will be able to use adequate temperature data to predict the
productivity in Eucalyptus plantations.

Finally, in times of climate change, forest species with good adaptation potential can be
more often recommended based on thermal requirements. The thermal amplitude studied
in tropical and subtropical regions of South America can be a reference for decision making
in other regions of the world with potential for the development of the forest sector.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/f14081631/s1, Figure S1: Bi-weekly monitoring of mean air
temperature and stem biomass of Eucalyptus urophylla cultivated from 2012 to 2018 across South
America, Figure S2: Diameter (A) and stem volume (B) were measured throughout the planting
months for each site studied in South America.
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