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Abstract: Improving the speed and accuracy of chlorophyll (Ch1) content prediction in different light
areas of apple trees is a central priority for understanding the growth response to light intensity and
in turn increasing the primary production of apples. In vitro assessment by wet chemical extraction
is the standard method for leaf chlorophyll determination. This measurement is expensive, laborious,
and time-consuming. Over the years, alternative methods—both rapid and nondestructive—were
explored, and many vegetation indices (VIs) were developed to retrieve Ch1 content at the canopy
level from meter- to decameter-scale reflectance observations, which have lower accuracy due to the
possible confounding influence of the canopy structure. Thus, the spatially continuous distribution
of Ch1 content in different light areas within an apple tree canopy remains unresolved. Therefore,
the objective of this study is to develop methods for Ch1 content estimation in areas of different
light intensity by using 3D models with color characteristics acquired by a 3D laser scanner with
centimeter spatial resolution. Firstly, to research relative light intensity (RLI), canopies were scanned
with a FARO Focus3D 120 laser scanner on a calm day without strong light intensity and then divided
into 180 cube units for each canopy according to actual division methods in three-dimensional spaces
based on distance information. Meanwhile, four different types of RLI were defined as 0–30%,
30–60%, 60–85%, and 85–100%, respectively, according to the actual division method for tree canopies.
Secondly, Ch1 content in the 180 cubic units of each apple tree was measured by a leaf chlorophyll
meter (soil and plant analyzer development, SPAD). Then, color characteristics were extracted from
each cubic area of the 3D model and calculated by two color variables, which could be regarded
as effective indicators of Ch1 content in field crop areas. Finally, to address the complexity and
fuzziness of relationships between the color characteristics and Ch1 content of apple tree canopies
(which could not be expressed by an accurate mathematical model), a three-layer artificial neural
network (ANN) was constructed as a predictive model to find Ch1 content in different light areas
in apple tree canopies. The results indicated that the mean highest and mean lowest value of Ch1
content distributed in 60–85% and 0–30% of RLI areas, respectively, and that there was no significant
difference between adjacent RLI areas. Additionally, color characteristics changed regularly as the
RLI rose within canopies. Moreover, the prediction of Ch1 content was strongly correlated with
those of actual measurements (R = 0.9755) by the SPAD leaf chlorophyll meter. In summary, the color
characteristics in 3D apple tree canopies combined with ANN technology could be used as a potential
rapid technique for predicting Ch1 content in different areas of light in apple tree canopies.
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1. Introduction

Photosynthesis is one of the most important biochemical processes on the planet, allowing life to
survive on Earth through the production of light carbon reactions under visible light irradiation [1].
Chlorophyll (Ch1) contributes to the absorption of photosynthetically-active radiation [2]. Chlorophyll
content is a major indicator of the physiological status of plants [3], and is also an essential pigment for
the transformation of solar radiation energy into chemical energy stored in leaves. Thus, Ch1 content is
directly related not only to photosynthetic potential, but also to primary yield. In addition, chlorophyll
indirectly reflects nutrient status because nitrogen is the primary constituent element of chlorophyll
pigments [4].

The study of Ch1 content in different areas of light in apple trees has attracted much attention
from researchers in pomology and other agricultural fields due to its efficacy in assessing the growth
status of an entire tree [5]. Leaf Ch1 content is conventionally measured directly through wet chemical
methods, such as pigment extraction in an organic solvent and spectrophotometric determination of
absorbance in the chlorophyll solution [6]. Although these laboratory-based methods are accurate
in obtaining Ch1 content, they also have limitations. The main shortcoming is that leaves must be
ground for Ch1 content measurement, thus impacting the growth of the plant over all life stages.
In addition, specialty equipment is required. Finally, the very high price and time-consuming nature of
these methods have prevented their widespread application. Handheld devices such as SPAD [7] are
some of the most useful contact sensors for rapid and non-destructive determination of Ch1 content in
many plants. Even though these meters are very portable, they are not suitable for measuring the Ch1
content of trees like apple trees due to the tall plant height. Moreover, another restriction on measuring
Ch1 content using contact sensors lies in the fact that the canopy structure of an apple tree consists
of branches, leaves, and fruits, which are much more complex than that of plants such as corn and
rice. These traits make it difficult for researchers to measure large canopy spaces. Finally, from a fruit
science perspective, different areas of light intensity should be traditionally taken into account when
canopy parameters (including Ch1 content) of an apple tree are measured. Poles and wires are used in
the conventional layered slicing method to divide canopy space into many different areas to establish
light intensity, which is also laborious and time-consuming. Therefore, new approaches are highly
desirable for determining Ch1 content with non-invasive measurements of apple trees under different
light intensities within canopies [8].

Color information in leaves is a natural qualitative vegetation index indicator in plants.
An imaging system with color characteristics capable of recording red, green, and blue (RGB) band data
has been emphasized for potential use in the rapid and non-invasive prediction of chlorophyll content
in field crops. Numerous studies have reported the use of color image analysis to assess chlorophyll
content. Yadav et al. [9] indicated that R and G band values negatively correlated with the chlorophyll
content of potato plants. Additionally, Baresel et al. [10] used color information to estimate the leaf
chlorophyll content of wheat, and the result showed that digital image analysis is a valuable method for
the determination of the chlorophyll content. It further showed that visible band vegetation indices and
their combination with plant height could be potentially used for biomass estimation in early growth
stages [11]. Moreover, Hunt et al. [12] adopted the triangular greenness index (TGI) to study leaf Ch1
content based on the area of a triangle surrounding the spectral features of Ch1, and the value obtained
by the approach of TGI was consistently correlated with plot-averaged Ch1-meter reading. Besides
the research achievements based on RGB color space above, Hue, Saturation, Value(HSV) and hue,
saturation, and intensity (HSI) color spaces could also be used for calculating Ch1 content. A protocol
was developed to convert the RGB values of a color image into HSV color space, and the resultant hue
value was correlated to the Ch1 content estimated by a destructive method [13]. The spectral properties
of an image (e.g., hue, saturation, and intensity) were modeled as linear correlation functions for the
chlorophyll content of paan in India [14].

Although the previous research indicates the possibility of studying Ch1 content in apple trees
according to color formation, it is inconvenient for a camera to acquire data in different areas within
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a canopy: other objects such as soil and branches would be included in an image along with leaves,
which increases the difficulty of image segmentation.

The 3D reconstruction of tree canopies has become a significant research topic in modern
agriculture. This technique explores accurate spatial information about canopy geometrical
morphology [15,16], which provides a favorable means to divide a canopy into different areas in
3D space. Among several available techniques, ground-based laser scanning has proven to be a
feasible option for accurately reconstructing the geometrical features of tree crops [17]. Ground-based
3D laser scanning technology has been applied to acquire tree measurements, especially focusing on
crown projection area and crown volume based on point-cloud data or the improvement of algorithms
for 3D modeling. However, until now, no research related to the Ch1 content in 3D tree modeling of
canopies has been conducted; it will therefore be challenging to calculate the Ch1 content of different
light areas based on 3D apple tree reconstructions in orchards.

Motivated by the desire to overcome the drawbacks mentioned above, we demonstrate in this
study that it is viable to assess the Ch1 content using color information in different areas of light
intensity divided according to the 3D distance values based on the reconstruction of 3D morphological
characteristics of apple trees in an orchard environment. Finally, Ch1 content will be predicted using
an artificial neural network. The approaches in our research offer a new option for fast large-scale
characterization of the Ch1 content of apple trees under natural conditions.

2. Materials and Methods

In this section, we describe the overall process flow and methods required for the calculation of
Ch1 content in order to explain our work. Figure 1 highlights the overall processing framework. First,
apple trees were scanned and reconstructed by a laser scanner combined with scene software. Second,
canopies were divided into different spaces, and then color information was extracted and further
calculated by two color variables to predict Ch1 content. Finally, a three-layer artificial neural network
(ANN) was established as a model to seek the relationship between color variables and Ch1 content
and predict Ch1 content in different light areas in apple tree canopies.
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2.1. Canopy Division

Measurement experiments of Ch1 content and relative light intensity (RLI) were conducted on
6 June 2015, under leaf conditions on a calm day without strong light intensity (549 lux). This kind
of weather was beneficial for color imaging, which is impacted by strong sunlight. The study area
was located in an apple orchard with good irrigation conditions in Beijing, China. The orchard was
oriented in an east–west direction, and its row spacing was 2.5 m. Trees were planted in this orchard
in 2009, and varieties in this study were free spindle-shaped apple trees at an average height of 3.5 m.
Six trees with similar growth and potential were selected from the dataset collected from this orchard
for testing. According to pomology theory, different light intensities distribute through the canopy
due to the trees’ architecture and growth, which in turn impacts yield.

Relative light intensity (RLI) is defined as the ratio of light intensity in a canopy area to external
natural light intensity [18]. The RLI in an apple tree canopy can be summarized into four types,
including RLI higher than 85%, between 65% and 85%, between 35% and 65%, and lower than 30%.
The areas with light intensity between 65% and 85% are defined as the best lighting conditions that
are beneficial to yield. Areas with light intensity lower than 30% are known as invalid light areas,
which are not expected in a canopy. As visible in Figure 2, an ideal light distribution within a canopy
includes light intensity that gradually increases from inside to outside and from bottom to top, which
is a general tendency for free spindle-shaped apple trees. Although the realistic counterpart in free
spindle-shaped apple trees generally follows the rule above, the actual measurement of RLI should
still be performed due to the necessity of knowing the true light distribution.
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Figure 2. RLI in an ideal free spindle-shaped apple tree.

Canopy division was performed on April 2015, and was the first step in understanding the
distribution of RLI and researching the Ch1 content in different RLI areas within an apple tree canopy.
Canopy space could be regarded as a cube in order to partition a canopy reasonably. Poles and
iron wires were utilized to divide the cubic canopy space into five layers in light of the traditional
partitioning method in pomology. The height of each layer was equal to one-fifth of the canopy height.
It is worth noting that the number of layers could be adjusted in accordance with canopy height and
complexity. In addition, each layer was further sectioned off in six rows by six columns. Thus, there
were total 180 small stereoscopic areas in a canopy space. The division effect could be observed in
Figure 3a.
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2.2. Relative Light Intensity Measurement

The next step was the measurement of RLI in different areas within the canopy, which can
be expressed by Equation (1) in each light area. A common device for acquiring light intensity is
the portable light meter [19]. However, it is time-consuming to measure many areas of a canopy
one-by-one using portable light meters. Moreover, the measurement results are probably inaccurate
because the sunlight would be blocked by the people taking the measurements. To improve accuracy,
the measurement of light intensity for 180 cubic areas was carried out in each apple tree canopy in
this study with light intensity sensors that we independently researched and developed. As shown
in Figure 3b, six light sensors (0–200 Klux, China) controlled simultaneously through software we
developed and installed in a laptop were fixed to a flat aluminum plate, which enabled light intensity in
one column where six light areas could be acquired at the same time, with no shelter to impact accuracy.
Light intensity in each area was measured four times by moving the aluminum plate. Meanwhile,
the current natural light intensity was recorded by the same type of light intensity sensor accordingly
in order to overcome the influence caused by quick changes of nature light intensity.

RLI = LC/L (1)

Here, RLI indicates relative light intensity, and LC and L represent light intensity in one light area and
current natural light intensity in the orchard, respectively.

2.3. Ch1 Content Measurement

After establishing the distribution of RLI within a canopy, Ch1 content measurement was
conducted from 9 a.m. to 11 a.m. on 6 June 2016. For the purpose of researching Ch1 content
in different light areas in free spindle-shaped apple trees, a SPAD-502 Ch1 meter (Konica Minolta
Sensing, Osaka, Japan) was used for Ch1 content acquisition as a reference field method. This device
measures the absorbance of leaves at the 650 nm wavelength, at which both Ch1 a and b could reach
maximum absorbance, while absorbance at the 940 nm wavelength was also measured in order to
adjust for differences in individual leaf thickness. A “SPAD number” was calculated based on these
two transmission values. Six leaves located at the bottom, middle, and top of one light area were
measured three times and then averaged, recording one value for light intensity in one light area.

2.4. Three-Dimensional Laser Scanning System and Data Registration

In this study, a FARO Focus3D 120 laser scanner was used to acquire 3D data of apple trees after
measuring Ch1 content. It captures objects in a range from 0.6 m to 120 m. Like all other phase-based
scanners, it is characterized by a high measuring speed at a maximum of 976.000 measuring points per
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second. The Focus3D 120 can be controlled by a touch screen and by an external laptop via WLAN, as
well as directly via physical cable connection. The scanner is equipped with an internal color camera of
70 million pixels in which an automatic brightness correction function works to avoid color distortion,
enabling the reconstruction of a colorful 3D model.

Prior to scanning, the locations of the measurement stations and auxiliary scanning equipment
were determined for sample trees. The 3D laser scanner stations were set closest to the trees with a
full view of the sample trees. Since the scenes to be scanned by the 3D laser scanning system were
complex, and there are limitations in the laser scanner’s perspectives and the effect of intra-object
shading, three stations were set up around a sample tree in order to obtain the 360◦ panoramic view of
the tree. The auxiliary scanning equipment including reference balls were fixed for data registration.
The scanning scene is illustrated in Figure 4a. At least three control targets were observed from each
measurement station. Once the work was complete, the built-in CCD camera was used to collect
photographs of the measurement area for subsequent data processing.
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used in the apple orchard; (b) 3D data of apple trees.

The scene software matched with this 3D laser scanner was used to register the raw point-cloud
data. The data point coordinates about the scene space surface information obtained from different
stations were converted to a uniform and designated coordinate system to complete the data
registration. In the study, the point-cloud data of the first station was used as the basis, and the
other stations were then matched with the first station according to the control targets so that the
point-cloud data at all stations could be registered into one coordinate system. Figure 4b shows an
example of point-cloud data after registration.

2.5. Selection of Color Variables

After acquiring the three-dimensional shape of apple trees, color characteristics including R, G,
and B values were extracted from different light intensity areas within a canopy, and color variables
were calculated through two different methods; these two color variables were used for predicting
Ch1 content.

Various kinds of color variables have been developed to estimate Ch1 content, such as
(R − G)/(R + G), (R − B)/(R + B), (G − B)/(G + B), (R − G)/(R + G + B), etc. It was found that
although R − B and G − B wavelengths showed the highest correlation with Ch1 content under
a limited range of meteorological conditions, normalized difference (R − B)/(R + B) was the most
applicable function in a number of tests with color variables [20]. It was also much better than other
color variables such as (R − G)/(R + G), (G − B)/(G + B), and (R − B)/(R + G + B), and could be used
for data collection under different meteorological conditions and different growth stages for plant
materials including wheat and rye with genetic diversities. Thus, (R − B)/(R + B) was the first color
variable we selected to predict the Ch1 content of different light areas of apple trees.
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Equation (3) can non-linearly map the normalized value of the G value using logarithmic sigmoid
transfer functions. The equation was validated using three different plants (tomato, lettuce, and
broccoli). The R, G, and B components were transformed by applying a single mathematical function
to all of the observations with a logarithmic operator to improve the data distribution. Additionally,
a standardization process was also performed to achieve zero mean and unit variance for the data
points [21].

2.6. Prediction Model

Neural network models have been widely used in the field of data classification and
prediction [22–24]. The restrictions imposed by using a single-layer network have directed scientists
to the development of multi-layer feed-forward networks with one or more hidden layers, called
multi-layer perceptron (MLP) networks. These new networks surpass many of the limitations of
single-layer perceptrons, and can be trained using the back-propagation algorithm.

Normally, nonlinear curve-fitting (data-fitting) problems are solved in the least-squares sense by
finding coefficients x that solve the following problem:

(min||F(x, xdata)− ydata||22 = min
x ∑

i
(F(x, xdatai)− ydatai)

2. (4)

The given input data xdata and the observed output ydata, xdata, and ydata are matrices or vectors,
and F(x, xdata) is a matrix or vector of a value’s function, which has the same size as that of ydata.

The ANN structure used in this research consisted of a simple three-layer feed-forward network,
with a transfer function (sigmoid) in the hidden one layer with 12 neurons and a linear transfer function
in the output layer (Figure 5). The two color variables and related Ch1 content were selected as input
nodes to the ANN model while training the ANN network whose objective is to fit the data to a
non-linear model. After training, a new output was created, which represents chlorophyll content in
the corresponding RLI area in the predictions.
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3. Results

3.1. Distribution of Relative Light Intensity

The first row including three trees of the six total apple trees tested (Figure 4b) was selected as the
training sample, and the remaining trees were used for prediction of Ch1 content through the ANN
technology mentioned in Section 2.6. One hundred and eighty areas in a tree canopy were described as
small cubic units in three-dimensional spaces using the MATLAB math tool. Taking a trunk located in
the middle of the 3D figure as the center, four regions of a canopy could be clearly observed. The RLIs
of sample trees was calculated according to Equation (1) and classified into four types on the basis
of the division principle of light intensity introduced in Section 2.1. The distribution is illustrated in
Figure 6. Different RLI was represented by four different colors.

Remote Sens. 2018, 10, x FOR PEER REVIEW  8 of 16 

 

3. Results 

3.1. Distribution of Relative Light Intensity 

The first row including three trees of the six total apple trees tested (Figure 4b) was selected as 
the training sample, and the remaining trees were used for prediction of Ch1 content through the 
ANN technology mentioned in Section 2.7. One hundred and eighty areas in a tree canopy were 
described as small cubic units in three-dimensional spaces using the MATLAB math tool. Taking a 
trunk located in the middle of the 3D figure as the center, four regions of a canopy could be clearly 
observed. The RLIs of sample trees was calculated according to Equation (1) and classified into four 
types on the basis of the division principle of light intensity introduced in Section 2.1. The distribution 
is illustrated in Figure 6. Different RLI was represented by four different colors. 

Although all selected specimens were free spindle-shaped apple trees, the real distribution of 
RLI could not be the same as that of ideal light distribution due to individual differences and pruning 
methods. However, the general relative light distribution was in accordance with ideal light 
distribution as described in Section 2.1, and could be classified into four types in light of RLI, which 
were 0–30%, 30–60%, 60–85%, and 85–100% RLI areas. 

(a) (b) (c) 

Figure 6. Distribution of RLI within canopies. (a) The first tree; (b) The second tree; (c) The third 
tree. 

3.2. Distribution of Ch1 Content in Different RLI 

Mean Ch1 content in RLI between 60% and 85% was the highest compared with that of the other 
three RLI areas for three trees, and RLI over 85% had a higher Ch1 content than that of both the 30–
60% and 0–30% RLI areas. However, Ch1 content did not significantly differ between the 0–30% and 
30–60% RLI areas. In addition, Ch1 content in 60–85% light areas and over 85% areas were not 
significantly different from each other. 

3.3. Color Distribution in Different RLI Areas 

3.3.1. Canopy Division in 3D Space  

The methodology for this research focused on the use of the MATLAB tool to generate 3D model 
structures with color information about apple trees (Figure 7a), the data for which were scanned by 
a FARO Focus3D 120 laser scanner and output from scene software for canopy division in 3D space. 
To accomplish this, point clouds of the background were removed using the deletion function of the 
scene software, and three trees were also extracted. The separated trees in the first row of Figure 4b 
are shown from Figure 8a–c. 

Figure 6. Distribution of RLI within canopies. (a) The first tree; (b) The second tree; (c) The third tree.

Although all selected specimens were free spindle-shaped apple trees, the real distribution
of RLI could not be the same as that of ideal light distribution due to individual differences and
pruning methods. However, the general relative light distribution was in accordance with ideal light
distribution as described in Section 2.1, and could be classified into four types in light of RLI, which
were 0–30%, 30–60%, 60–85%, and 85–100% RLI areas.

3.2. Distribution of Ch1 Content in Different RLI

Mean Ch1 content in RLI between 60% and 85% was the highest compared with that of the other
three RLI areas for three trees, and RLI over 85% had a higher Ch1 content than that of both the 30–60%
and 0–30% RLI areas. However, Ch1 content did not significantly differ between the 0–30% and 30–60%
RLI areas. In addition, Ch1 content in 60–85% light areas and over 85% areas were not significantly
different from each other.

3.3. Color Distribution in Different RLI Areas

3.3.1. Canopy Division in 3D Space

The methodology for this research focused on the use of the MATLAB tool to generate 3D model
structures with color information about apple trees (Figure 7a), the data for which were scanned by
a FARO Focus3D 120 laser scanner and output from scene software for canopy division in 3D space.
To accomplish this, point clouds of the background were removed using the deletion function of the
scene software, and three trees were also extracted. The separated trees in the first row of Figure 4b are
shown from Figure 8a–c.
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For the purpose of partitioning the canopy into 180 areas as mentioned in Section 2.1, it was
essential to calculate canopy height and width information from the distance value of 3D points.
Canopy height is defined as the shortest distance from the upper boundary of the main photosynthetic
tissues (excluding inflorescences) on a plant to the bottom of the canopy [25], expressed in meters.
In addition, canopy width is the maximum width of the crown along any axis from the drip-line on
one side of the tree to the drip-line on the opposite side of the tree [26]. To obtain these values, the
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three single trees were expressed by distance value with gradient colors. Figure 7d–f display the
distance effect.

In light of the canopy height and width, the canopy of each apple tree was divided evenly into 180
3D spaces. Five different random colors were used for distinguishing five layers. Space information of
each layer including length, width, and height as well as color information was recorded in a matrix
for further division of the layer into six rows by six columns. So far, 180 3D spaces of a canopy were
successfully divided according to distance values. Finally, the color information of each 3D space could
be extracted from the pre-built matrix. An example is given to illustrate the color extraction result of a
layer for each apple tree (Figure 8g–i).

3.3.2. Distribution of Color Information in Different RLI

Color information was extracted from 180 cube units within each 3D apple tree canopy, and color
variables were calculated according to Equations (1) and (2). The distribution of mean color variable
X1 and mean color variable X2 for the four RLI areas is illustrated in Figure 9. Mean color variable
X1 decreased as the RLI rose and showed regimes with differences between each other. Mean color
variable X1 was the highest in the 0–30% RLI area and the lowest in the RLI area between 85% and
100%. However, mean color variable X1 between 30% and 60% did not significantly differ from that in
RLI area between 60% and 85%. The opposite trend was observed in the distribution of mean color
variable X2 for the four RLI areas. Mean color variable X2 increased as the RLI rose. Mean color
variable X2 of RLI area between 80% and 100% was significantly higher than those in other RLI areas.
Additionally, mean color variable X2 in 0–30% RLI was the lowest of all. Moreover, mean color variable
X2 between 30% and 60% did not significantly differ from that in the 60–85% RLI area.
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3.4. Prediction of Ch1 Content Based onANN

We could observe regular changes in Ch1 content and color variable values in different RLI
areas of apple tree canopies from Sections 3.2 and 3.3.2. Artificial neural networks were applied
in this study to seek the relationship between Ch1 content and color characteristics and to further



Remote Sens. 2018, 10, 429 11 of 16

predict the Ch1 content of different areas of light intensity in apple trees using color information
within the canopy. To find the relationship between color variables and Ch1 content, the proposed
network architecture based on the concepts of artificial neural network (p, d, and q) design was trained
with two color variables and Ch1 content data of three apple trees including 540 RLI areas using a
constructive algorithm in MATLAB7 package software. ANN parameters were defined as follows:
target accuracy was 0.0001, study speed was 0.8, and the maximum number of learning was 100,000.
The training result of the ANN showed that the best training performance (Figure 10a) was 0.0001 at
epoch 11,449 times, which met the requirements of the set parameters and further indicated the good
ability of this network architecture for the purpose of predicting Ch1 content.
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Good convergence effects (Figure 10a) proved the close relationship between Ch1 content and
color information in different RLI areas. Thus, the next step was to predict Ch1 content through the
ANN. To do this, five cubic units in each type of RLI area were selected randomly from each tree of
the prediction sample. Additionally, according to the number of input nodes, two color variables X1
and X2, as well as corresponding RLI of 60 cubic units (5 cubic units × 4 RLI types × 3 trees) were
input to the network for predicting Ch1 content. All linear best fits (R = 0.9755) between the predicted
results and actual values measured with the SPAD leaf chlorophyll meter showed that the effective
Ch1 content was accurately predicted by this ANN network through the error back-propagation that
was trained by the Levenberg–Marquardt method [27]. However, some biases ranging from 0.2516
to 1.7772 are shown in Figure 10b, and the average error of prediction was 1.0702. In addition, the
correlation between actual values and predicted values of Ch1 content was evaluated in this study.
A significant correlation (p-value < 2.2 × 10−16) was found in Figure 10c with R = 0.9755, which was
the same as that of the ANN analysis result. The statistical analysis of the correlation between actual
and predicted Ch1 content further confirmed the effectiveness of approaches and the accuracy of the
ANN model proposed in this study.

4. Discussion

4.1. Experimental Results Analysis

In this paper, the distribution of Ch1 content at different RLI was studied, and there was no
significant difference in Ch1 content between adjacent RLI areas. The reason is that the distribution of
Ch1 content—which was affected by light and nutrient elements—in a canopy is a continuous and
gradient process. As a result, the Ch1 content in the light areas of 60–85% that was regarded as the
best light area could achieve the highest Ch1 content value. In contrast, light areas between 0 and 30%
were considered to be invalid areas, which could not get enough light and led to the least Ch1 content.
However, obvious changes of Ch1 content were displayed between non-adjacent RLI areas.

Although there was no obvious distinction for Ch1 content at adjacent RLI areas, the difference
could be observed for the two-color variables in the four types of RLI areas of three trees because
the intensity of sunlight transmitted to the canopy region impacted the color brightness of the leaf
surface [28]. We can see the RLI of 180 cubic units within each apple tree canopy from Figure 6.
Most 0–30% RLI areas distributed in the canopy interior and bottom could not obtain enough light
transmission, while areas with RLI between 85% and 100% located in the exterior and top of the canopy
had advantages from being exposed to sufficient sunlight. In addition, it was possible to differentiate
color variable values of 30–60% RLI area from that of 60–85% RLI area with a reduced significance of
p > 0.05, no matter the mean color variable X1 or for the mean color variable X2.

4.2. Analysis of Experimental Parameters Selection and Configuration

In the present study, the laser-scanner used for 3D reconstruction produced 3D-point clouds of
645,000 to 850,000 points for each tree based on the complexity of the tree canopy. More point clouds
were yielded for trees with bigger canopies and denser leaves. Objects with very thin structures could
also be detected through this laser scanner, e.g., wires used for canopy division. More accurate models
could be generated to reflect the actual apple tree structure with more cloud points, but it required
longer time for computation. There were three levels of resolution of the laser scanner, including
resolutions of 1/2, 1/4, and 1/5, among of which the last one could meet the requirements of 3D
reconstruction for the purpose of predicting Ch1 content. It took about 5 minutes with a rate of 976,000
point clouds per second. About ten minutes could be saved per measurement station compared to
using the highest resolution. In addition, to obtain the best possible 3D reconstruction quality with the
laser scanner, the weather conditions must be optimal (in particular, low wind conditions). Although
the results demonstrated that the phenotypic characteristics such as apple diameter, stem diameter,
canopy height, and canopy diameter could be extracted from the 3D model of apple trees reconstructed
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by a terrestrial laser scanner (Trimble TX8, Danderyd, Sweden) even if the average wind speed was
4.5 m/s in the instant scanning [29], there were obvious changes in the leaves’ edge and thickness in
the presence of wind speed ranging from 0.9 to 2.4 m/s. Therefore, weather conditions with no or low
wind were the best environment to obtain optimal 3D reconstruction of trees.

4.3. Expansion Ability of Prediction Model

There were no exact mathematical formulae and comprehensive principles to establish the
relationship between different light areas and Ch1 content. Most of researchers were focused on
the whole tree canopy and did not aim at different light areas of canopy to estimate Ch1 content.
Consequently, the result was not conducive to pruning and obtain the best canopy structure and in
turn effect on apple quality as well as yield. To fill the above gap, a three-layer ANN with nonlinear
mapping capability was selected as prediction model to estimate Ch1 content using color information
obtained from 3D tree reconstruction. In this process, any function could be approximated with
arbitrary precision.

In this study, two color variables based on RGB color space were used for two inputs of
ANN-based prediction model. Although accurate results were achieved, the expanding ability of the
ANN-based prediction model was limited by the number of spectral bands analyzed according to the
three basic colors in RGB color space. Many spectral bands from spectrometers can be utilized to acquire
more detailed multivariate analysis, potentially providing more comprehensive information [8,30].
However, among spectral bands, not all of them are useful for reflecting physiological indexes due
to redundant information because only a few of them are of great benefit to the inversion of simple
indices [10]. This conclusion was verified by the current practice of spectral sensing, where only two
or a few spectral bands are useful for reflecting physiological indexes of plants. In contrast, leaves are
partially transparent in the near-infrared (NIR) range, so NIR bands may contribute to the detection of
plant biomass beyond the level of saturation. As a result, the combination of a NIR band and RGB
bands is useful to study physiological indexes of plants more accurately than the single RGB-based
approach. Physiological indexes of plants such as the normalized difference vegetation index(NDVI),
green normalized difference vegetation index (GNDVI), and stomatal conductance could be estimated
through the ANN-based prediction model proposed in the study, as long the variables were added
with the combination of an NIR band and RGB bands as input nodes [31,32].

4.4. Future Work

In the research process, the results we achieved were based on a calm day without strong
light intensity, which could reduce the impact on color information to a greater extent. This was
a preliminary study on predicting the Ch1 content of different RLI areas of apple trees using color
information based on 3D reconstruction, which needs to be extended to other weather conditions.
Therefore, our future studies will involve model development using color information to evaluate Ch1
content in different RLI areas with various light intensities. It will be a great challenge to predict Ch1
content through color information in field conditions with strong light intensity—especially due to
the changes in light intensity. However, these effects on color information can be compensated for
by utilizing standard reference calibration panels during data acquisition by 3D laser scanner. Thus,
experiments will be continued to predict Ch1 content in different RLI areas using color information
calibrated by the method above based on 3D reconstruction, which will provide a rapid and reliable
approach to calculating Ch1 content for the purpose of pruning to obtain a better light intensity area,
which in turn improves apple production.

5. Conclusions

This experimental study showed that color information has the potential for rapid,
non-destructive, and accurate estimation of Ch1 content in different RLI areas of free spindle-shaped
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apple tree canopies based on three-dimensional reconstructions. The main achievements of this paper
are summarized as follows.

First, research samples were selected in an orchard. Actual canopy space was divided into
180 cubic units, and the same work was performed in 3D reconstruction models of apple trees. Then,
RLI was calculated for the 180 cubic units of each tree canopy using light sensors in the actual canopy
space and was classified into four types. The results showed that RLI distribution for training samples
was in accordance with the actual light distribution of free spindle-shaped apple tree canopies.

Moreover, Ch1 content was measured by a SPAD leaf chlorophyll meter for 180 cubic units of
each apple tree. The measurement results showed that the mean highest and mean lowest value of Ch1
content distributed in 60–85% and 0–30% of RLI areas, respectively, and that there was no significant
difference between adjacent RLI areas. Additionally, color information was extracted from each cubic
unit and was calculated by two color variables in RGB color space. The calculation results indicated
that the mean color variable X1 decreased, and mean color variable X2 increased separately as the
RLI rose.

Finally, color variables and corresponding RLIs were input into a three-layer ANN to predict the
Ch1 content of different RLI areas. The results showed that the predicted Ch1 content was linearly
correlated with that of actual measurements of different RLI areas with an R of 0.9755 and an average
error of 1.0702. Overall, the results demonstrated the potential of using color information to predict
Ch1 content for understanding the growth and future production of free spindle-shaped apple trees.
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