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Abstract: Conifers are a common type of plant used in ornamental horticulture. The prompt diagnosis
of the phenological state of coniferous plants using remote sensing is crucial for forecasting the
consequences of extreme weather events. This is the first study to identify the “Vegetation” and
“Dormancy” states in coniferous plants by analyzing their annual time series of spectral characteristics.
The study analyzed Platycladus orientalis, Thuja occidentalis and T. plicata using time series values
of 81 vegetation indices and 125 spectral bands. Linear discriminant analysis (LDA) was used to
identify “Vegetation” and “Dormancy” states. The model contained three to four independent
variables and achieved a high level of correctness (92.3 to 96.1%) and test accuracy (92.1 to 96.0%).
The LDA model assigns the highest weight to vegetation indices that are sensitive to photosynthetic
pigments, such as the photochemical reflectance index (PRI), normalized PRI (PRI_norm), the ratio of
PRI to coloration index 2 (PRI/CI2), and derivative index 2 (D2). The random forest method also
diagnoses the “Vegetation” and “Dormancy” states with high accuracy (97.3%). The vegetation indices
chlorophyll/carotenoid index (CCI), PRI, PRI_norm and PRI/CI2 contribute the most to the mean
decrease accuracy and mean decrease Gini. Diagnosing the phenological state of conifers throughout
the annual cycle will allow for the effective planning of management measures in conifer plantations.

Keywords: vegetation indices; photochemical reflectance index; Platycladus orientalis; acclimatization;
deacclimatization

1. Introduction

A precise and objective evaluation of the condition of woody plants during their annual
development cycle is crucial for anticipating the effects of exposure to extreme temperatures,
including untimely negative and positive temperatures. This task is especially relevant in
the context of climate change, where the winter temperature regime has become increasingly
unstable [1,2]. Winter temperature fluctuations significantly affect the cultivation of woody
ornamental plants [3].

The annual cycle of the development of woody plants in the temperate climate zone
consists of two main stages: vegetation and dormancy. The transition from vegetation
to dormancy is carried out via acclimatization, and the reverse process is carried out by
deacclimatization. Plants undergo complex morphological, physiological, biochemical, and
genetic changes during these processes [4–7]. Coniferous plants undergo changes in the
structure of their photosynthetic apparatus, as well as during photoinhibition and other
related processes [8–10]. Significant differences in the state of the photosynthetic apparatus
of coniferous plants during the periods of vegetation and dormancy are a prerequisite for
the identification of these states via spectral reflections using remote sensing.

Acclimatization is a two-step process [11]. The first stage of this process is cold acclima-
tion, which is initiated by short daylight hours and proceeds at low positive temperatures.
This stage leads to the emergence of plant resistance to cold and frost. The second phase of
acclimatization, which involves gaining cold hardiness, occurs at negative temperatures
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that do not freeze plants. This process enables a particular species to achieve its maximum
frost resistance. This is a period of deep dormancy (endo-dormancy) during which the
plant’s growth cannot resume even under favorable conditions. In the latter half of winter,
deep dormancy transitions into a state of forced dormancy (eco-dormancy), during which
the plant’s growth is only restrained by unfavorable weather conditions.

The process of transition from the state of eco-dormancy to the state of vegetation
(deacclimatization) in plants has been studied less than the process of acclimatization [1].
This process occurs at the end of winter or in spring under the influence of positive
temperatures. After deacclimatization, the plants resume vegetation.

The completion of the processes of acclimatization and deacclimatization is not mani-
fested in external signs; therefore, it cannot be established via phenological methods. For
example, the phenological phases of “bud break” and “beginning of shoot growth”, which
are taken as the beginning of the plant’s vegetation, occur later than the completion of the
deacclimatization process [12–14]. Therefore, in accordance with phenological character-
istics, a plant that is at rest may already be vulnerable to recurrent frosts. According to
phenological characteristics, it is also impossible to determine that the plant has passed
the second stage of acclimatization (gaining cold hardiness) and has reached maximum
frost resistance.

An objective assessment of the frost resistance of woody plants can be obtained via the
methods of electrolyte leakage, chlorophyll fluorometry, differential thermal analysis, elec-
trical impedance spectroscopy, and others [15,16]. However, these methods of diagnosing
frost resistance are quite laborious and slow. Therefore, it is necessary to develop prompt
and relatively simple methods for assessing frost resistance, as well as diagnosing the states
of vegetation and dormancy of plants. Such contact methods include an analysis of the
amplitude–kinetic characteristics of chlorophyll fluorescence [17,18]. The development
of technology for monitoring the solar-induced fluorescence (SIF) of chlorophyll using
satellites is currently only at the stage of exploratory research [19,20]. Passive methods of
remote sensing have been developed to a much greater extent. Using spectral sensors, it is
possible to remotely diagnose the physiological and biochemical characteristics of plants—
the content of chlorophylls [21], macroelements [22–25], water [26,27], and nitrogen [28,29].
Spectral sensors proved to be effective in diagnosing stress in plants under the influence of
high [30–34] and low temperatures [35].

Vegetation indices (VIs) are utilized to describe plant phenology through remote
sensing. Other metrics, such as the leaf area index (LAI) [36] and maximum quantum yield
of photosystem II (PSII) [37], are used less frequently. Among the VIs, the normalized
difference vegetation index (NDVI) and the extended vegetation index (EVI) [38–41] are
the most commonly used.

Whereas the phenology of deciduous plants can be described fairly accurately via a
time series of chlorophyll-sensitive VIs, tracking the phenology of evergreens is much more
difficult because they retain leaves and photosynthetic pigments throughout the year. At the
same time, the LAI of conifers varies little with season [42]. The content of photosynthetic
pigments, especially xanthophyll cycle pigments, changes to a greater extent. Therefore, the
“photosynthetic phenology” of conifers is well described by the photochemical reflectance
index (PRI) and chlorophyll/carotenoid index (CCI), which are related to the carotenoid
content and the proportion of chlorophylls and carotenoids [37,43–46].

Further accumulation of factual material on a wide range of species, climatic condi-
tions, and VIs is required for the development of remote sensing phenology of evergreen
plants. The possibility of diagnosing “Vegetation” and “Dormancy” states of conifers using
remote sensing remains an open question.

Objectives of the study: to correlate spectral responses and climatic adaptations of
species of the genus Thuja and Platycladus and to develop hyperspectral remote sensing
tools to assess species adaptations to climatic stress.
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2. Conditions, Objects, and Methods
2.1. Study Region

The study was conducted at the Botanical Garden of Southern Federal University in
Rostov-on-Don, Russia (47◦13′ N; 39◦39′ E). The study utilized plant specimens from the
collection of holosemal plants at the Botanical Garden.

2.2. Meteorological Characteristics

Rostov-on-Don has a moderately continental and arid climate, with moderately mild
winters and hot summers (Climate of Rostov-on-Don, 1987). The average annual air
temperature is +8.9 ◦C, with an average temperature of −5.7 ◦C in January and +23 ◦C in
July. The average annual rainfall is 548 mm.

The growing season in 2022 (the period from the transition of the average daily
air temperature above +5 ◦C to the decrease in the average daily air temperature below
+5 ◦C) began on 29 March and ended on 1 November. In 2023, the growing season began
on 1 April.

The periods of acclimatization and deacclimatization were determined by indirect
indicators, such as the length of the day and the daily temperature fluctuations.

Figure 1 presents the seasonal dynamics of daily air temperatures from 22 January
2022 to 23 May 2023.
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Deacclimatization period in spring 2022. Daylight hours began to exceed 12 h after
18 March. On 29 March, the minimum daily air temperature steadily exceeded 0 ◦C
(further on, the minimum daily temperature did not fall below 0 ◦C, which excludes
the reacclimatization process), and on 15 April, the average daily temperature steadily
exceeded +10 ◦C.

Acclimatization period in autumn 2022. Daylight hours began to be less than 12 h after
25 September. The average daily temperature dropped below +10 ◦C since 1 November. The
first nighttime negative temperatures (−2.7 ◦C) were recorded on 30 November. A sharp
decrease in the average daily temperature to −8.0 ◦C occurred on 4 December and lasted for
4 days. Such a temperature regime is lethal for non-acclimatized woody plants. Therefore,
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it is believed that the acclimatization of woody plants occurred between 1 November and
30 November 2022. By 4 December, the plants had already entered dormancy.

Deacclimatization period in spring 2023. On 24 March, the minimum daily air tem-
perature steadily exceeded 0 ◦C (further on, the minimum daily temperature did not fall
below 0 ◦C, which excludes the reacclimatization process), and on 17 April, the average
daily temperature steadily exceeded +5 ◦C.

According to the periods of acclimatization and deacclimatization, the following time
frames for the dormancy and vegetation of experimental coniferous plants were established:

— Winter dormancy for 2021–2022 ended on 29 March 2022.
— Vegetation started on 15 April 2022 and ended on 1 November 2022.
— The plants entered dormancy on 30 November 2022 and left it on 24 March 2023.
— Vegetation started again on 17 April 2023.

2.3. Objects of Study

Three plant species from the genera Thuja and Platycladus were the objects of the study.
Thuja occidentalis L.—evergreen tree 12–20 m high. The natural range is located in

the southeastern part of Canada and the northern part of the United States. This plant is
highly frost-resistant—USDA (United States Department of Agriculture) hardiness zone
6a. T. occidentalis is a hygrophilous plant. Within its natural range, it has a positive growth
response to humidity conditions and a neutral response to temperature [47]. In the study
area, T. occidentalis suffers from drought and high summer temperatures [48].

T. plicata Donn ex D. Don—tall (up to 60 m) evergreen tree. The natural range of the
species is located in the northwest of North America. Ecologically, T. plicata is similar to T.
occidentalis. USDA zone—6b.

Platycladus orientalis (L.) Franco—evergreen low (up to 12 m) tree. The natural range
is in China and locally in South Korea. The plant is highly drought tolerant and heat
tolerant. The frost tolerance of this tree is not as high as T. occidentalis (USDA frost tolerance
zone—7a). Thermal factors play a more important role in P. orientalis culture expansion
than humidity factors [49].

Thus, at the study site, the critical season in the annual development cycle for P.
orientalis is winter, and for T. occidentalis and T. plicata, summer.

Each species was represented in the experiment by three specimens. All plant samples
grew under the same conditions. Seven shoots were taken from each plant sample and
transported to the laboratory within an hour. The shoots contained first and second
year growths.

2.4. Hyperspectral Imaging Technique

The study presented here used a time series of 81 VIs and 125 spectral bands (SBs)
to cover two periods of deacclimatisation, one period of acclimatisation, and one period
of vegetation and dormancy of three coniferous plant species: Thuja occidentalis, T. plicata,
and Platycladus orientalis. The most informative VIs and SB for describing the phenological
cycle of coniferous plants were determined, and their “Vegetation” and “Dormancy” states
were identified.

Hyperspectral imaging (HSI) was carried out in laboratory conditions with an interval
of 7–10 days from 2 February 2022 to 10 May 2023. There were 57 HSI in total.

For HSI, a Cubert UHD-185 hyperspectral camera (Cubert GmbH, Ulm, Germany)
was used [50,51]. Hyperspectral imaging was conducted using artificial illuminants that
had a spectral range overlapping with that of the hyperspectral camera. During the HSI,
the camera lens was positioned at 40 cm from the object and directed perpendicular to it.
Plant shoots were stacked (Figure 2a). Before each HSI, the shoots in the stack were moved
from bottom to top. Seven HSI were made for each stack.
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Figure 2. Selection ROI. Stack of shoots of T. occidentalis (a), hyperspectral image before (b) and after
(c) threshold setting “Carter5 > 1.4”.

2.5. Hyperspectral Imagery Data Preprocessing

During the preprocessing stage, noise was removed from the spectra by using a
Savitsky–Golay filter with a length of 15 nm. To select the region of interest (ROI), the
threshold of the vegetation index (VI) Carter5 was used with a value of more than 1.4 [52]
(Figure 2b,c).

The selection of spectral profiles (pixels) from the image was achieved through auto-
mated repeated random selection.

2.6. Calculation of Vegetation Indices

Hyperspectral imaging data were used to calculate PRI, CCI, and NDVI for plant
phenology analysis. It should be noted that these VIs have traditionally been used to de-
scribe plant growth and development. The formulas for calculating these VIs are provided
below [45,53,54].

NDVI =
R900 − R680

R900 + R680

PRI =
R528 − R570

R528 + R570

CCI =
R528 − R645

R528 + R645

where Rxxx: reflectance at the wavelength “xxx”.
Additionally, 78 more VIs were calculated. Details regarding these VIs can be found in

Dmitriev et al. [55].

2.7. Hyperspectral Imagery Data Processing

The study employed the non-parametric Spearman correlation coefficient to identify
the most informative VIs for describing conifer phenology. To identify the “Vegetation”
and “Dormancy” states of conifers, linear discriminant analysis (LDA) and random forest
(RF) were used. The statistical calculations were performed using the R environment (R
Core Team, Vienna, Austria).

3. Results
3.1. Correlation Analysis between Spectral and Climate Data

The processes of acclimatization and deacclimatization and the state of plants during
vegetation and dormancy are closely related to temperature and daylight hours. The dy-
namics of daily temperature allows us to indirectly divide the “Vegetation” and “Dormancy”
periods in the annual development cycle of woody plants. Therefore, an assessment was
made of the closeness of the relationship between the values of VIs, SB, and the average
daily temperature, as well as the duration of daylight hours. For this, the nonparametric
Spearman correlation coefficient (r) was used. In the annual cycle of plant development,
only 4 out of 81 VIs had a high correlation strength with the average daily temperature
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(r > 0.7 according to the Chaddock scale) simultaneously for P. orientalis, T. occidentalis,
and T. plicata (Table 1). These were CCI, PRI, ratio of PRI to coloration index 2 (PRI/CI2),
and normalized PRI (PRI_norm). These VIs also had a high and statistically significant
correlation with daylight hours.

Table 1. The value of the Spearman correlation coefficient between the values of VI and the average
daily temperature, as well as between the values of VI and the length of daylight hours in the annual
cycle of plant development.

P. orientalis T. occidentalis T. plicata
VI r p-Value VI r p-Value VI r p-Value

Average daily temperature, ◦C
PRI_norm −0.8 0.001 PRI/CI2 0.85 0.001 PRI/CI2 0.83 0.001
PRI 0.84 0.001 PRI 0.84 0.001 PRI 0.81 0.001
PRI/CI2 0.82 0.001 PRI_norm −0.8 0.001 PRI_norm −0.8 0.001
CCI 0.8 0.001 CCI 0.77 0.001 CCI 0.72 0.001
DPI 0.79 0.001 DPI 0.72 0.001 DPI 0.65 0.001
Vogelmann3 0.76 0.001 RARS −0.6 0.001 RARS −0.6 0.001
D2 −0.8 0.001 CRI2 −0.6 0.001 CRI2 −0.6 0.001
MTCI 0.72 0.001 CRI1 −0.6 0.001 CRI1 −0.6 0.001
D1 0.72 0.001 Gitelson2 0.56 0.001 Gitelson2 0.51 0.001
NDVI 0.28 0.03 NDVI 0.09 0.50 NDVI 0.07 0.58

Day length, day
CCI 0.78 0.001 PRI 0.75 0.001 PRI_norm −0.7 0.001
PRI_norm −0.7 0.001 PRI/CI2 0.73 0.001 PRI/CI2 0.65 0.001
PRI 0.72 0.001 PRI_norm −0.7 0.001 CCI 0.65 0.001
PRI/CI2 0.71 0.001 CCI 0.69 0.001 PRI 0.65 0.001
DWSI4 0.7 0.001 DPI 0.64 0.001 RARS −0.6 0.001
NDVI3 −0.7 0.001 D1 0.56 0.001 CRI2 −0.5 0.001
GI 0.69 0.001 Vogelmann2 −0.5 0.001 DPI 0.52 0.001
Datt5 −0.7 0.001 Vogelmann4 −0.5 0.001 Gitelson2 0.47 0.001
GMI1 −0.6 0.001 D2 −0.5 0.001 CRI1 −0.5 0.001
NDVI 0.31 0.02 NDVI 0.24 0.08 NDVI 0.2 0.14

Note: VI—vegetation index. r—correlation coefficient. p-value—level of significance.

The time series of the CCI, double peak index (DPI), PRI, PRI/CI2, and PRI_norm
values, in contrast to NDVI, have a well-defined seasonal character (Figure 3).

Preliminarily, it can be stated that the “Dormancy” state of experimental evergreens
is characterized by the following VIs values: CCI < 0.15; DPI < 0.075; PRI < −0.05;
PRI/CI2 < −0.04; and PRI_norm > 0.003.

The strength of association of the SB with the mean daily temperature and day
length is much lower than that of VIs. The highest value of the correlation coefficient
(0.42 < r < 0.57, at p < 0.001) with the average daily temperature has an SB in the range from
514 to 542 nm (Table 2).

3.2. Linear Discriminant Analysis of States “Dormancy” and “Vegetation”

In accordance with the periods of “Vegetation” and “Dormancy” identified by climatic
characteristics, the HSI data were divided into two classes. “Vegetation” class—HSI data
obtained in the interval from 15 April 2022 to 1 November 2022. “Dormancy” class—HSI
data obtained in the interval from 30 November 2022 to 24 March 2023.

Each class was divided into two subsets: 70% (training set) spectral data for model
building and the remaining 30% (test set) spectral data used for validation. The LDA for
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81 Vis gave good results. The testing accuracy for P. orientalis, T. occidentalis, and T. plicata
was 99.8, 96.9, and 96.0%, respectively (Figure 4a,b).
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(a): Using 81 VIs (training set); (b): using 81 VIs (test set); (c): using 125 SB (training set); (d): using
125 SB (test set); (e): using LDA model LD1 = 0.82 PRI − 0.73 PRI_norm − 0.82 D2 (training set);
(f) using LDA model LD1 = 0.82 PRI − 0.73 PRI_norm − 0.82 D2 (test set).



Horticulturae 2024, 10, 241 8 of 16

A similar result was obtained for 125 SB (Figure 4c,d). The testing accuracy for P.
orientalis, T. occidentalis, and T. plicata was 97.7, 92.9, and 92.5, respectively.

The stepwise classification results, using a 10-fold cross-validated correctness rate of
the method LDA, provided that adding the next factor does not increase the accuracy by
more than 1%, are presented in Table 3.

Table 2. The value of the Spearman correlation coefficient between the values of the SB and the
average daily temperature and daylight hours in the annual cycle of plant development.

P. orientalis T. occidentalis T. plicata
SB r p-Value SB r p-Value SB r p-Value

Average daily temperature, ◦C
518 0.46 0.001 526 0.57 0.001 526 0.46 0.001
522 0.45 0.001 530 0.57 0.001 522 0.45 0.001
526 0.45 0.001 522 0.56 0.001 530 0.44 0.001
514 0.44 0.001 534 0.55 0.001 518 0.43 0.001
530 0.43 0.001 518 0.54 0.001 534 0.42 0.001
698 −0.43 0.001 538 0.53 0.001 514 0.39 0.001
694 −0.43 0.001 514 0.51 0.001 538 0.38 0.001
690 −0.42 0.001 542 0.51 0.001 510 0.36 0.010
534 0.42 0.001 510 0.47 0.001 542 0.36 0.010
702 −0.42 0.001 546 0.47 0.001 546 0.32 0.020

Day length, day
526 0.44 0.001 526 0.44 0.001 526 0.45 0.001
530 0.44 0.001 522 0.44 0.001 522 0.45 0.001
534 0.44 0.001 530 0.44 0.001 530 0.45 0.001
538 0.43 0.001 518 0.43 0.001 534 0.44 0.001
522 0.43 0.001 534 0.41 0.001 518 0.43 0.001
518 0.43 0.001 514 0.41 0.001 514 0.40 0.001
542 0.42 0.001 538 0.39 0.001 538 0.40 0.001
546 0.41 0.001 510 0.38 0.001 926 0.38 0.001
514 0.41 0.001 918 0.38 0.001 542 0.38 0.001
550 0.40 0.001 922 0.37 0.010 922 0.38 0.001

Note: SB—spectral band. r—correlation coefficient. p-value—level of significance.

All LDA models have high model correctness rates and testing accuracy (Table 3,
Figure 4e,f).

It should be noted that the LDA models based on the SBs have lower values of the
model correctness rate and testing accuracy than the LDA models based on the VIs (Table 3).
To improve the accuracy of testing the LDA model based on the SBs, it will be necessary to
use many SBs, which contribute little to the accuracy of the model. From a practical point
of view, this is a problem since remote sensing will have to use expensive multichannel
spectral sensors. Thus, the use of VIs to identify the states of “Vegetation” and “Dormancy”
of evergreens gives better results than the use of SBs. The basis of LDA models is the
indices of the “PRI group”.

3.3. Random Forest Pixel-Based Testing of States “Dormancy” and “Vegetation”

RF pixel-based test was used to identify the states of “Vegetation” and “Dormancy” in
experimental plants.

The following dataset was used for the training set (Figure 5): “Vegetation” class—
HSI data obtained in the interval from 15 April 2022 to 1 November 2022. “Dormancy”
class—HSI data obtained in the interval from 30 November 2022 to 24 March 2023.
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Table 3. LDA models for the two target classes “Vegetation” and “Dormancy”.

Species Final Model Model Correctness
Rate, % Testing Accuracy, %

VIs
P. orientalis LD1 = 0.82 PRI − 0.73 PRI_norm − 0.82 D2 97.20 97.01
T. occidentalis LD1 = 0.77 PRI − 0.72 PRI_norm + 0.57 PRI/CI2 94.45 93.97
T. plicata LD1 = 0.68 PRI − 0.53 PRI_norm + 0.43 PRI/CI2 + 0.39 D1 92.31 92.10
All species LD1 = 0.75 PRI − 0.69 PRI_norm + 4.44 PRI/CI2 − 0.44 D2 96.09 96.03

SB
P. orientalis LD1 = −0.65 R450 + 0.37 R522 + 0.37 R526 + 0.38 R530 + 0.37 R534 − 0.39 R686 88.63 88.14
T. occidentalis LD1 = −0.52 R450 + 0.38 R518 + 0.41 R522 + 0.40 R526 + 0.37 R530 87.40 87.67
T. plicata LD1 = −0.63 R450 + 0.31 R522 + 0.32 R526 + 0.31 R530 + 0.36 R906 + 0.34 R910 83.72 83.79
All species LD1 = R450 + R518 + R522 + R526 + R530 86.56 87.56
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For the test set, the HSI data were also divided into two classes (Figure 5): “Vegetation”
class—HSI data obtained in the following calendar dates: 19 April, 26 April, 2 May, and
10 May 2023. “Dormancy” class—HSI data obtained in the interval from 2 February to 23
March 2022.

The RF used number of trees 100 (Figure 6), the number of variables tried at each split:
8. The confusion matrix obtained from the RF pixel-based classification of 81 VIs for the
two target classes “Vegetation” and “Dormancy” for P. orientalis is presented in Table 4. The
out-of-bag (OOB) estimate of the error rate was only 0.16%.

Table 4. Confusion matrix obtained from the RF pixel-based classification of 81 VIs for two target
classes “Vegetation” and “Dormancy” for P. orientalis.

State Dormancy Vegetation Error, %
Training set

Dormancy 11,966 34 0.28
Vegetation 27 22,973 0.12

Test set
Dormancy 6000 0 0
Vegetation 274 3726 6.85

The largest contributors to the mean decrease accuracy and mean decrease Gini values
are CCI, PRI, and PRI_norm (Figure 7).
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The overall testing accuracy was 97.26%. The “Dormancy” state was tested without
error, and the “Vegetation” state was tested with an error of 6.85% (Table 4).

According to the same scheme, RF testing was carried out using the most informative
VIs (PRI, PRI_norm, PRI/CI2, and D2) selected based on the results of the LDA (Table 5).
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Table 5. Confusion matrix obtained from the RF pixel-based classification of four VIs (PRI, PRI_norm,
PRI/CI2, and D2) for two target classes “Vegetation” and “Dormancy” for P. orientalis.

State Dormancy Vegetation Error, %
Training set

Dormancy 11,637 363 3.03
Vegetation 368 22,632 1.60

Test set
Dormancy 5873 127 2.12
Vegetation 212 3788 5.30

The error of testing the state “Dormancy” was 2.12%, and the error of testing the state
“Vegetation” was 5.30%. Thus, the number of VIs for identifying the states of vegetation
and dormancy in conifers can be significantly reduced. Similar RF test results are also
obtained for T. occidentalis and T. plicata.

4. Discussion

The photosynthetic phenology of plants reflects the seasonal variation in photosyn-
thetic activity, pigment concentrations, and the ratio of their pools using VIs time series
and spectral channels [56–58]. Unlike classical phenology, photosynthetic phenology can
describe the complete annual development cycle of coniferous plants. It can record both
qualitative and quantitative changes in plant states and determine the rate of plant devel-
opment and senescence [39,59]. Additionally, photosynthetic phenology provides crucial
parameters for gross primary productivity models [58]. The PRI and CCI indices, which
are sensitive to carotenoids, show potential as metrics for the phenological process in
conifers [37,43–46,60]. The use of photosynthetic phenology methods to identify the “Vege-
tation” and “Dormancy” states in coniferous plants, as well as the transitions between these
states (acclimatization and deacclimatization), is of great scientific and practical interest.
This study is the first to identify vegetation and winter dormancy states in conifers by
analyzing their annual time series of SBs and VIs. The classification was performed using
machine learning methods, which are commonly used to predict photosynthetic pigment
content [61,62]. The study found that VIs were better metrics for describing annual dynam-
ics in T. occidentalis, T. plicata, and P. orientalis and diagnosing “Vegetation” and “Dormancy”
states than SBs.

The correlation analysis revealed that 4 out of 81 vegetation indices (CCI, PRI, PRI/CI2,
and PRI_norm) have a strong relationship (r > 0.7) with both annual temperature dynamics
and daylight hours for all investigated coniferous species. Another group of vegetation
indices (CRI1, CRI2, D2, Datt5, DPI, GMI, Gitelson2, RARS, Vogelman, etc.) showed a
moderate association (0.5 < r < 0.7) with meteorological characteristics. The statistical
analysis revealed that there was no significant correlation between NDVI values and
meteorological characteristics. Additionally, spectral bands showed a weaker correlation
with these meteorological characteristics. The LDA models used to identify the “Vegetation”
and “Dormancy” states of P. orientalis by VIs contained three to four independent variables,
resulting in a high degree of model correctness (ranging from 92.31% to 96.09%) and high
test accuracy (ranging from 92.10% to 96.03%). The LDA model identified PRI, PRI_norm,
PRI/CI2, and D2 as having the highest weight. The accuracy of LDA models for spectral
channels was below 90%. The RF method can identify “Vegetation” and “Dormancy” states
with high accuracy. For P. orientalis, 81 VIs had a testing accuracy of 97.26%. The most
significant contributors to mean decrease accuracy and mean decrease Gini values are CCI,
PRI, PRI_norm, and PRI/CI2.

Thus, four carotenoid-sensitive Vis–PRI, PRI_norm, PRI/CI2, and CCI were found to
be the most effective in classifying phenological states of experimental plants. The vegeta-
tive index PRI is sensitive to rapid changes (within a day) in the state of de-epoxidation,
which is a signal of the mutual transformation of xanthophylls. This vegetative index



Horticulturae 2024, 10, 241 12 of 16

can also be used to track long-term changes in the ratio of chlorophyll and carotenoid
pools [45,54,63–66]. PRI indirectly reflects the water content of vegetation [67–70]. More-
over, PRI is an effective tool for diagnosing plant stress [43,71–74]. This effectiveness can
be attributed to the fact that the ratio of chlorophyll and carotenoid pools serves as an
indicator of the seasonal regulation of photosynthesis and gross primary productivity [75].
During the transition from vegetation to dormancy in coniferous plants, there is a change
in the proportions of photosynthetic pigments and the structure of the photosynthetic ap-
paratus. Additionally, there is a steady decrease in the efficiency of PSII [9,10]. For instance,
in common pine, the winter suppression of photosynthesis is accompanied by a loss of
chlorophylls and a twofold increase in xanthophyll cycle pigments due to light stress [8].
During the transition to winter dormancy, woody plants experience a decrease in tissue
water content [76]. The seasonal dynamics of conifers are well described by PRI. However,
PRI has a disadvantage of being highly sensitive to light level [77]. On the other hand, CCI
records only stable long-term changes in pigments and responds synchronously to seasonal
changes in chlorophyll and carotenoid ratios as well as photosynthetic activity [37,45].
It is important to note that the CCI formula has been developed at the leaf level [78,79].
Difficulties may arise when applying this vegetation index at crown level [80]. Generally,
CCI and PRI are reliable indices for describing conifer phenology at the shoot level under
laboratory conditions. However, NDVI, which is commonly used to describe the phenology
of deciduous plants, is not suitable for measuring the phenology of T. occidentalis, T. plicata,
and P. orientalis due to the saturation phenomenon [81,82].

In practice, the development of the method of remote diagnostics of phenological states
of coniferous plants will make it possible to predict the effect of adverse climatic factors,
diagnose stress states of plants, and plan management measures in coniferous plantations.

The results of the study have the following limitations—the study was conducted in
laboratory conditions on the shoots of coniferous plants via proximal hyperspectral imaging.
The established regularities can be used in remote sensing with certain assumptions.

A potential avenue for future research on the photosynthetic phenology of coniferous
plants is the advancement of techniques for the remote diagnosis of the “Vegetation”,
“Dormancy”, “Acclimatisation”, and “Deacclimatisation” states. Additionally, it is crucial
to promptly evaluate the level of frost tolerance of conifers during specific time periods.
Currently, multispectral and hyperspectral data are used to determine the degree of damage
to plants caused by negative temperatures [83,84] but not their frost tolerance—their ability
to tolerate certain negative temperatures. The ability to solve this issue depends on the
correlation between negative temperatures and the values of PRI and CCI. Additionally,
during the frost period, highly frost-tolerant T. occidentalis and T. plicata exhibit significantly
different levels of these VIs compared to weakly frost-tolerant P. orientalis.

5. Conclusions

The operational remote and proximal assessment of conifer plants’ (plantation) con-
dition throughout the annual cycle is important for predicting development, diagnosing
stress conditions and planning agronomic measures. Photosynthetic phenology, using
vegetation indices and spectral bands as metrics, can provide such opportunities. The study
analyzed the time series of 81 vegetation index values and 125 spectral bands obtained
from hyperspectral imagery for T. occidentalis, T. plicata, and P. orientalis. The time series of
carotenoid sensitive vegetation indices (PRI, PRI_norm, PRI/CI2, and CCI) were found to
have a more pronounced seasonal character than the time series of chlorophyll sensitive
vegetation indices and spectral bands. Using these vegetation indices, “Vegetation” and
“Dormancy” states were identified with 97.3% accuracy. The development of this research
can be directed toward the development of methods for proximal and remote real-time
assessments of frost tolerance in conifers.
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