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Abstract: As global temperatures warm, drought reduces plant yields and is one of the most serious 

abiotic stresses causing plant losses. The early identification of plant drought is of great significance for 

making improvement decisions in advance. Chlorophyll is closely related to plant photosynthesis and 

nutritional status. By tracking the changes in chlorophyll between plant strains, we can identify the im-

pact of drought on a plant’s physiological status, efficiently adjust the plant’s ecosystem adaptability, and 

achieve optimization of planting management strategies and resource utilization efficiency. Plant three-

dimensional reconstruction and three-dimensional character description are current research hot spots 

in the development of phenomics, which can three-dimensionally reveal the impact of drought on plant 

structure and physiological phenotypes. This article obtains visible light multi-view images of four pop-

lar varieties before and after drought. Machine learning algorithms were used to establish the regression 

models between color vegetation indices and chlorophyll content. The model, based on the partial least 

squares regression (PLSR), reached the best performance, with an R2 of 0.711. The SFM-MVS algorithm 

was used to reconstruct the plant’s three-dimensional point cloud and perform color correction, point 

cloud noise reduction, and morphological calibration. The trained PLSR chlorophyll prediction model 

was combined with the point cloud color information, and the point cloud color was re-rendered to 

achieve three-dimensional digitization of plant chlorophyll content. Experimental research found that 

under natural growth conditions, the chlorophyll content of poplar trees showed a gradient distribution 

state with gradually increasing values from top to bottom; after being given a short period of mild 

drought stress, the chlorophyll content accumulated. Compared with the value before stress, it has im-

proved, but no longer presents a gradient distribution state. At the same time, after severe drought stress, 

the chlorophyll value decreased as a whole, and the lower leaves began to turn yellow, wilt and fall off; 

when the stress intensity was consistent with the duration, the effect of drought on the chlorophyll value 

was 895 < -SY-1 < 110 < 3804. This research provides an effective tool for in-depth understanding of the 

mechanisms and physiological responses of plants to environmental stress. It is of great significance for 

improving agricultural and forestry production and protecting the ecological environment. It also pro-

vides decision-making for solving plant drought problems caused by global climate change. 
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1. Introduction 

Drought is recognized as the most detrimental environmental stress that adversely 

affects tree growth such as blocked photosynthesis and, consequently, forest productivity, 

playing a pivotal role in shaping the geographic distribution of tree species [1–3]. The 

impact of drought stress induces a diverse range of reactions in plants, which vary based 

on genotype, plant size, growth stage, and the intensity and timing of the drought. Un-

derstanding tree responses and tolerance to drought stress involves complex biological 

processes that can be elucidated more comprehensively through the use of emerging im-

aging sensors and phenotyping technologies [4]. 

Chlorophyll affects all essential physiological and developmental processes of plants, 

and it is known as a probe for photosynthesis, metabolism and plant vitality [5]. The bio-

logical mechanism response of plant chlorophyll to drought stress can be explained as: 

the stomatal conductance of leaves is reduced, the synthesis of chlorophyll is blocked, and 

the decomposition rate of chlorophyll is accelerated, thereby hindering leaf photosynthe-

sis and causing large fluctuations in chlorophyll content [6]. Therefore, monitoring the 

dynamic changes of plant chlorophyll can provide a theoretical reference for identifying 

early drought in plants. It is also of great significance for optimizing water management 

strategies and accelerating the breeding of drought-resistant forest trees [7]. 

In the early days, chlorophyll content was mainly measured using laboratory physi-

cal and chemical analysis methods such as acetone extraction. The measurement process 

had defects such as high cost, low efficiency, and was destructive and unrecoverable [8]. 

The traditional spectrophotometric method used to measure the chlorophyll content of 

plant leaves has the advantages of high measurement accuracy and good repeatability, 

but the measurement process is time-consuming. A portable rapid chlorophyll detector 

can be used in situ measurement. However, the actual measurement area of the detector 

is very small (for example, the measurement area of SPAD-502 is only 2 × 3 mm). It re-

quires measuring and averaging the values after multi-point sampling and the measure-

ment results are easily affected by the thickness of the blade [9]. 

Recently, non-destructive analysis and rapid technology based on images and spec-

tra has been developed to detect the chlorophyll content. The principle of these methods 

is that by obtaining an average spectrum, average color, or single point detection of the 

plant surface, only the chlorophyll content of a single sampling point or the overall aver-

age can be predicted [10]. The distribution among various plant organs is still unclear. 

Some scholars use methods, such as chlorophyll fluorescence and spectral reflectance, to 

visualize the chlorophyll content of plant canopy leaves, but most can only achieve a two-

dimensional scale, and integrated fluorescence analyzers and spectral sensors also have 

high requirements for the imaging environment and high price, thus limiting its applica-

tion to a wide range [11]. At the same time, due to the limitation of data dimension and 

spatial resolution, the image and spectral information from an overhead view or a single 

perspective can only reflect the phenotypic information of plants projected at a certain 

static angle, and it is difficult to perceive the stereoscopic changes of plant phenotype be-

tween different organs caused by physiological stress, water, and fertilizer deficiency and 

other reasons. By analyzing the vertical distribution of plant chlorophyll at the three-di-

mensional level, we can understand the adaptability of different plant species in different 

ecosystems, reveal the patterns of photosynthesis and carbon fixation, and evaluate the 

growth state and health status of plants [12–14]. 

With the continuous iterative updates of optical sensors, three-dimensional point 

cloud data of plants are obtained through Lidar and RGB-D to reflect the true growth 

status of plants and obtain morphological characteristics, it has been widely used and de-

veloped in forestry phenotypic research [15–17]. However, compared with their research 

applications at short range and single plant scale, the structure from motion-multi view 

stereo (SFM-MVS) technology is more widely used and less expensive. In addition, SFM-

MVS can provide more detailed plant surface texture and color information, ensuring the 

integrity of the plant structure to a higher level [18,19]. 
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Poplar (Populus spp.) is an important fast-growing and high-yield tree species in the 

world, with a wide range of planted areas, which make significant contributions to the 

world’s ecosystem services, such as soil and water conservation and carbon sequestration 

[20]. However, drought has resulted in extremely severe yield reductions and losses in large 

areas of poplar trees [21]. Monitoring the distribution and changes of poplar chlorophyll 

content through multidisciplinary integration, identifying the stress level of poplar trees as 

early as possible, and making artificial water management improvements in advance have 

been promoted and applied at the two-dimensional image scale, but most methods can only 

analyze the plants’ overall condition, and the lack of detailed information limits the perfor-

mance of plant growth status determination [22,23]. By combining three-dimensional tech-

nology and machine learning methods to evaluate the spatial distribution differences and 

changing responses of chlorophyll content of different varieties or strains under drought 

stress, it provides a technical reference for cultivating high-quality drought-resistant geno-

type poplar varieties and maximizing economic benefits and ecological value [24]. 

The objective of this study is to: (i) develop and verify a method based on image 

analysis for non-destructive determination of chlorophyll content in poplar seedlings, (ii) 

use SFM-MVS combined with a chlorophyll regression model to solve the problem of 

chlorophyll content in poplar three-dimensional model, (iii) analyze the effects of geno-

type differences and differences in drought stress levels on the distribution of poplar chlo-

rophyll content among organs under multiple growth periods. 

2. Materials and Methods 

2.1. Experiment Material 

Four species of poplar seedlings were selected in the experiment, which had great 

differences in morphological structure and drought tolerance, including the drought-tol-

erant varieties Siyang-1 poplar (SY-1) and 3804 poplar (3804), the hydrophilous varieties 895 

poplar (895) and 110 poplar (Populus cathayana Rehder). In total, 48 plants of each variety 

were cultured in 3 water treatment groups. A total of 192 plants were planted in the ex-

periment. All plant cuttings were cultivated in pots with a capacity of 5.8 L and placed 

outdoors to grow naturally. 

2.2. Experimental Design 

The planting time of poplar seedlings is unified (11 March 2023). Data were collected 

after 70 days of normal cultivation (21 May 2023). At this time, the average height of poplar 

varieties was distributed in the range of 40–50 cm, and the plants had certain drought 

resistance. For each poplar variety, 8 plants with uniform growth in three water treatment 

groups were selected as samples for multi-view image collection. Table 1 below summa-

rizes the experiment. Before initiating drought treatment, data were collected from all 

samples every 7 days, totaling 96 samples, and image data were collected four times. Fol-

lowing the fourth data collection, a 15-day drought treatment commenced, categorized 

into three levels: control check group (CK), mild drought group (MD), and severe drought 

group (SD). Each treatment group comprised 32 samples. 

Table 1. General profile of the experiment. 

 Before Drought Treatment After Drought Treatment 

Image acquisition times 4 1 

Experiment sample size 96 
Control check Mild drought Severe drought 

32 32 32 

Experiment interval date(days) 7 15 

Drought has caused great differences in the growth rate, color, and other phenotypes 

of poplar plants to verify the reliability of this article’s multi-view visualization of chloro-
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phyll three-dimensional distribution and explore the growth habits and drought re-

sistance of different poplar varieties. After each image collection, the handheld chloro-

phyll meter SPAD-502 (SPAD-502 Plus; Minolta Camera Co. Osaka, Japan) was used to 

measure the chlorophyll content of the three upper leaves and the three lower leaves of 

the poplar plant after each image collection, respectively, then the average value was cal-

culated as a reference for the true value of the chlorophyll content of the poplar leaves. 

2.3. Multi-View Image Acquisition 

Visible light cameras are currently mature imaging sensors and have been widely 

used in various research fields of plant phenotypes. In this study, all poplar multi-view 

sub-images of SFM-MVS were captured by a camera, a tripod, a rotating disk, and a black 

absorbent cloth under uniform lighting and windless conditions, as shown in Figure 1. 

Image (a) on the left displays all project equipment, while image (b) on the right illustrates 

on-site activities. 

 

Figure 1. Schematic diagram of multi-view image acquisition. Illustration: (a) Image acquisition sys-

tem diagram; (b) On-site work demonstration. 

The plants were placed in the center of the rotating disc for uniform rotation. In order 

to keep the leaves as still as possible in the course of the rotating process, the rotation 

speed was set at 6–8°/s, and the photo taking mode was set at intervals of 2 s, the number 

of photos taken for each poplar tree was 30, the camera model used and all imaging pa-

rameter settings are listed in Table 2. 

Table 2. Camera models and parameters for acquiring multi-view images. 

Specific Parameters (Symbol) 
Camera Model Nikon Z5 

Numerical Value Unit 

Shutter speed (S) 1/320 Seconds (s) 

Aperture (A) 10 Dimensionless 

Speed (ISO) 100 Dimensionless 

Imaging focal length (f) 35 Millimeter (mm) 

Image storage format (F) JPG Dimensionless 

Picture size (P) 4016 × 6016 Pixels per inch (PPI) 

Total rotation Angle (θ) 400 Degree (°) 
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In order to improve the efficiency and accuracy of using SFM-MVS technology to 

reconstruct poplar point clouds, the imaging distance, focal length, and angle of the cam-

era were basically kept consistent when collecting images. Considering that the lighting 

environment and imaging background will have a great impact on image quality and 

color, the checkerboard pattern and Color Checker 24-color standard color card were 

taken before data acquisition to correct image distortion, white balance and color. A single 

test collected 96 sample data images, and the five tests totaled 480 poplar samples and 

14,400 pictures. 

3. Methods and Materials 

3.1. Image Pre-Processing 

The original plant images obtained in the experiment have a high resolution and large 

storage capacity, but most of the information is redundant, which will reduce the efficiency 

and accuracy of plant 3D point cloud reconstruction. In order to eliminate irrelevant infor-

mation, such as background and ground, this study plans to perform image pre-processing 

as shown in Figure 2 below, including: (a) Image correction, where (1) is a schematic repre-

sentation of the original image; (2) signifies white balance, color, and distortion correction; 

with (3) portraying the image post-correction. Additionally, (b) involves image segmenta-

tion, with (4) denoting excess green calculation; (5) representing the threshold segmentation 

diagram; and (6) illustrating the image opening operation. Finally, the corrected image (3) 

is utilized to overlay the noise-reduced image (6) mask, resulting in the mask image (7). The 

size of an individual image in this process ranges from 0.7 to 0.9 MB. 

 

Figure 2. Image pre-processing before 3D reconstruction. Illustration: (a,b) represent image correc-

tion and denoising, respectively. Where, (1) raw image, (2) image white balance, color and distortion 

correction, (3) corrected image, (4) excess green calculation, (5) threshold segmentation, (6) image 

opening operation, (7) processed image. 
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Among them, in the process of image white balance and color correction, the Color 

Checker 24-color standard color card image was used to match the feature points with the 

color card image, including plants taken during the test, and the coordinate position of 

the color card in the test image was detected. After correcting the position of the color card 

through perspective transformation, the actual size of the R, G, and B values of each color 

patch are calculated. The standard R, G, and B values of the same color card are used to 

generate a correction matrix. All test images are traversed and the mapping relationship 

is used to complete the color correction and white balance of all images. 

Distortion correction generates standard corner point coordinates through a standard 

checkerboard grid for camera calibration, and obtains camera internal parameters and map-

ping matrices, thereby completing the image calibration process. During the image capture 

process, the camera is stationary at a fixed position, so only one corner point detection is 

required. 

There are many irrelevant noise points in the pre-processed image, which can be 

eliminated by pixel clustering and other methods, but at the same time, some plant pixels 

are distributed further on. This paper does not over-process the two-dimensional image 

in this part, but further improves it in the subsequent three-dimensional point cloud. 

3.2. Three-Dimensional Plant Reconstruction Based on SFM-MVS 

The three-dimensional morphological structure of plants can reflect the true state of 

plant growth and development. Establishing three-dimensional models of plants to study 

plants and accurately measure the height, volume, leaf inclination, and other parameters 

of plants have always been a research hotspot in botany, computer graphics, and other 

disciplines [25]. In this paper, we used the built-in functions of the commercial software 

Agisoft photoscan 1.3.2 (Agisoft LLC, ST, Petersburg, Russia) to detect feature points, gen-

erate sparse point clouds, and reconstruct dense point clouds in the above pre-processed 

image sequences. During the processing process, the software can automatically estimate 

camera movement trajectories and image coordinates. All data is generated on a computer 

with Windows 10 Professional system, CPU-Intel 12490F, graphics card NVIDIA GeForce 

2060RTX, and 16G running memory. As shown in Figure 3 below, after loading the image 

sequence (a) processed in Figure 2 above, the adjacent image feature points are calculated 

to generate a plant sparse point cloud model (b) after depth image enhancement, point 

cloud calculation and registration, a dense point cloud model is formed (c) the time re-

quired for a single plant to build a dense point cloud is roughly distributed between 100–

150 s. The number of original point clouds for a single plant is about 1.5–1.8 million. The 

point cloud data is finally exported and saved as a sphere of size 1. 

 

Figure 3. Plant point cloud reconstruction based on SFM-MVS. Illustration: (a) Image sequence after 

noise reduction; (b) Sparse point cloud reconstruction; (c) Dense point cloud reconstruction. 
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3.3. Point Cloud Noise Reduction and Calibration Processing 

Due to the influence of multiple factors, such as the data acquisition method and the 

imaging background, the generated the point cloud information has a lot of outliers and 

noise, including some point cloud information of pots, which is not conducive to the subse-

quent segmentation of plant organ instances, or will lead to the low accuracy of final phe-

notypic parameters. Point cloud noise reduction is required before three-dimensional fea-

ture analysis. Figure 4 shows the noise-reduction steps for point cloud data of a single pop-

lar tree. As shown in (a) the first step is: a three-dimensional plant coordinate system is es-

tablished with the gravity direction as the Z axis, and the XOY plane is represented as the 

ground. A spatial filter of the same size is set up to remove the point cloud outliers outside 

the distant region. The second step shown in (b) is based on the pot, the imaging background 

color threshold is very different from the plant itself, based on the overall point cloud RGB 

color threshold to eliminate pot and most of the background noise point clouds. The third 

step shown in (c) is to remove the abnormal point cloud value that cannot meet the cluster-

ing conditions based on the radius filtering function, that is, setting a radius search range 

and the minimum number of point clouds. If the condition that the number of point clouds 

in the search range of the range is greater than is not met, it will be regarded as an abnormal 

value removal. All noise reduction function parameter settings are shown in Table 3 below. 

Table 3. Point cloud filter noise reduction function parameter setting. 

Function Type Parameter Setting 

Spatial filtering 
X (m) Y (m) Z (m) 

0.65 0.65 1.5 

Color filtering 
R G B 

60 60 60 

Radius filtering 
r (mm) n (a) 

0.5 20 

 

Figure 4. Point cloud noise reduction based on different filter functions. Illustration: (a) Spatial fil-

tered point cloud; (b) Point cloud after color filtering; (c) Point cloud after radius filtering. 
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Different from laser-type sensors, point clouds reconstructed by multi-view are af-

fected by point cloud size, the camera position, angle, and configuration, and plant point 

clouds are often scaled inconsistently, which cannot reflect the true size of plants. In this 

study, point cloud information was used to describe the spatial distribution of chlorophyll 

content on the whole plant. In order to directly reflect the relationship between chloro-

phyll distribution and plant morphology at different growth stages and under different 

water treatments, object point clouds with a known shape and size should be selected for 

calibration and calibration of plant point clouds. As shown in Figure 5, we selected the 

area where the pot is located, segmented the top, lower, and rotating disk plane of the pot 

based on the least square method of plane segmentation, and measured the radius R1SFM, 

R2SFM and R3SFM, respectively. The average ratio of the ratio with the actual measured ra-

dius value R1, R2 and R3 is used as the calibration scale of the plant point cloud, and the 

relationship is shown as follows. 

𝜑 =
1

3
(
𝑅1𝑆𝐹𝑀
𝑅1

+
𝑅2𝑆𝐹𝑀
𝑅2

+
𝑅3𝑆𝐹𝑀
𝑅3

) (1) 

 

Figure 5. Point cloud shape and size calibration. 

After the noise reduction, the average number of poplar point clouds per tree is about 

0.6 million, and the data storage capacity is 25–40 MB, which is suitable for subsequent 

processing, and no sampling processing is required. 

4. Results and Analysis 

The phenotypic variations in poplar plants are pronounced across distinct growth 

stages and under varied water treatments. Illustrated in Figure 6, average color infor-

mation of the top and lower layers of the plants in the RGB color space was calculated by 

selecting is of interest in the top frame of the two-dimensional image (Figure 6a–c). Model 

independent variables are selected by constructing the visible light vegetation index and 

conducting correlation analysis with chlorophyll (Figure 6d). Partial least squares regres-

sion (PLSR), support vector machine (SVM), and random forests (RF) are employed for 

inversion (Figure 6e). The regression value of the optimal model is then mapped to a fixed 

color gamut scale. By integrating this information with denoised three-dimensional point 

cloud color data, the three-dimensional distribution of poplar plant chlorophyll is 

achieved (f). 
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Figure 6. Processing flow of 3D distribution of poplar chlorophyll. Illustration: (a) Raw image; (b) 

Blade stratification; (c) Color feature extraction; (d) Variable selection; (e) model regression; (f) Vis-

ualization. 

4.1. The Average Leaf Color Information Is Calculated Based on the Region of Interest 

When calculating the color information of the top and lower leaves of poplar trees, 

all images of a single plant are traversed, and a custom function is used to select the area 

of interest in the mask image. Among them, the top part of the box numbered in the sin-

gular number is selected, other boxes select the lower part. In order to avoid the impact of 

the excessive redness of poplar leaf stems on the accuracy of the final data, we tried to 

keep only orthographic leaves selected during frame selection. The total value of single-

channel pixels Pi(Pj) and the number of pixels n(m) in each layer’s RGB color space was 

calculated after the top and lower frames were selected 15 times, respectively. After the 

area of interest is selected in the frame, in order to avoid the influence of background 

independent pixels on the final leaf color information calculation, the area of interest se-

lected in the frame is further masked, and the calculation domain is only kept in the plant 

leaves itself. The average pixel values α(β) of R, G, and B of the top (or lower) leaves of a 

single poplar tree are obtained by comparing the total pixel value Pi(Pj) of the above RGB 

single channel with the number of pixel points n(m) of the top and lower leaves after mask. 

Finally, the values of the 15 images of the top and lower layers of a single poplar plant are 

averaged. The average RGB color information of the ηTop(ηLower) blade is obtained, and the 

calculation principle is shown in Figure 7 below. 
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Figure 7. Calculation of color information of poplar stratified leaves. Illustration: P is the pixel value 

of R, G and B of a certain blade, n is the number of times the box of interest is selected; α(β) is the 

average pixel value of R, G, and B of the top (lower) leaves of a single poplar tree, ηTop(ηLower) is the 

average pixel value of R, G, and B in the top (lower) layer of a single poplar tree. 

4.2. Variable Feature Selection 

The content and distribution of chlorophyll and other biochemical components in 

green plants will result in a large difference in the plant color [26–28]. After calculating 

the multi-color spatial information of leaves, this paper constructs a common vegetation 

index of 14 colors based on different function combinations of R, G, and B, including: nor-

malized type color index, ratio type color index, composite color index, and three index 

types. This paper conducts the correlation analysis with the actual chlorophyll measure-

ment. The specific calculation formula of RGB color index is shown in Table 4 below. 

Table 4. Vegetation indices developed from RGB images. 

Color Index Type Color Index Name Abbreviation Formula 

Normalized type color 

index 

(visible-band difference vegetation index) VDVI (2𝐺 − 𝑅 − 𝐵)/(2𝐺 + 𝑅 + 𝐵) 

(normalized green-blue difference index) NGBDI (𝐺 − 𝐵)/(𝐺 + 𝐵) 

(visible atmospheric impedance vegetation index) VARI (𝐺 − 𝑅)/(𝐺 + 𝑅 − 𝐵) 

(normalized difference index) NDI (𝐺 − 𝑅)/(𝐺 + 𝑅) 

(improved green-red vegetation index) IGRVI (𝐺 − 𝑅2)/(𝐺 + 𝑅2) 

(red-green-blue vegetation index) RGBVI (𝐺2 − 𝐵𝑅)/(𝐺2 + 𝐵𝑅) 

Ratio type color index 

(green-red ration index) GRRI 𝐺 𝑅⁄  

(blue-green red ration index) BGRRI (𝐺 + 𝐵)/𝑅 

(red-green blue ration index) RGBRI (𝐺 + 𝑅)/𝐵 

(red-blue green ration index) RBGRI (𝑅 + 𝐵)/𝐺 

Composite color index 

(excess green index) ExG 2𝐺 − 𝑅 − 𝐵 

(excess red index) ExR 1.4𝑅 − 𝐺 

(green-red difference vegetation index) ExGR 𝐸x𝐺 − 𝐸𝑥𝑅 

(color index of vegetation) CIVE 0.411𝑅 − 0.881 + 0.385 + 18.7578 

According to the results of correlation analysis, the higher correlation value ExR, normal-

ized difference index NDI, improved green-red vegetation index IGRVI, blue-green anti-red 

vegetation index BGRRI, and green-red ratio index GRRI were selected as the input variables 

of the model, and their correlation values were distributed in the range of 0.61–0.66. 

In this study, a total of 480 poplar sample image data was obtained from five growth 

stages before and after drought, and the color information of each plant was calculated by 

dividing the top layer and the lower layer, respectively, that is, 960 sample data were ob-

tained. Three common machine learning algorithms RF, SVM and PLSR, were selected to 
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establish regression models. 2/3 (n = 640) were randomly selected for training each model, 

and 1/3 (n = 320) was used to experiment the accuracy of each model. The coefficient of 

determination (R2) and root mean-square error (RMSE) was used to evaluate the accuracy 

and applicability of each model. Figure 8 shows the regression accuracy results of each 

model test set. 

   

(a) (b) (c) 

Figure 8. Regression results of each model. Illustration: (a) RF; (b) SVM; (c) PLSR. 

In order to ensure the final unity of variables, all independent variable data were 

normalized before input into the model. According to the regression results of each model, 

PLSR experiment set has the highest regression accuracy, with R2 of 0.711 and RMSE of 

0.2976. Compared with other machine learning algorithms, PLSR is a regression algorithm 

that considers the contribution of principal components to dependent variables. The re-

gression mode in this study is shown in Equation (2) below: 

𝑦 = −0.2505 ∗ 𝐸𝑥𝑅 − 1.781 ∗ 𝑁𝐷𝐼 ∗ 104 + 8.025 ∗ 𝐼𝐺𝑅𝑉𝐼 ∗ 103

+32.55 ∗ 𝐵𝐺𝑅𝑅𝐼 + 8.329 ∗ 𝐺𝑅𝑅𝐼 ∗ 102 − 849.9
 (2) 

where y represents the predicted value of chlorophyll content. 

4.3. Visualization of 3D Distribution of Poplar Chlorophyll 

Using computer graphics and image processing technology to fuse multi-dimen-

sional image data to intuitively reflect difficult-to-measure phenotypic data, plant growth 

can be evaluated with more comprehensive information [29]. Three-dimensional point 

clouds can effectively avoid the limitations of unclear and inaccurate phenotypic data 

caused by occlusion problems. The point cloud model contains not only the surface shape 

and texture information of plants, but also the color information of plants themselves, 

which provides rich independent variables for directly using mathematical models to 

change plant point clouds [30]. 

The point cloud information of poplar seedlings in multiple growth stages was ob-

tained. The color information of the top and lower layers of two-dimensional plant images 

was combined with the PLSR model of chlorophyll actual measurement value inversion, 

and the point cloud color information was combined to realize visualization, which can 

be divided into the following steps. (1) read points cloud information; (2) traverse all point 

clouds and calculate the RGB color value of each point cloud; (3) define PLSR regression 

model; (4) calculate and set the uniform color mapping maximum value; (5) render the 

point cloud by the computed value of the function, and convert it into the color algorithm 

commonly used in computer vision COLORMAP_JET; (6) output the rendered point 

cloud and print the gamut ruler. 

In the process of visualization, the maximum value and minimum value of chloro-

phyll of different poplar plants is not uniform, and the final COLORMAP mapping to false 

color image is based on the unified mapping of the minimum value to the maximum value 
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of plants. In order to avoid the color mapping of the same chlorophyll content value in 

different plant point clouds is inconsistent, resulting in the failure to form effective nu-

merical comparison of chlorophyll content in different plant point clouds. It is necessary 

to calculate the maximum and minimum values obtained by the cloud files in the model 

in advance, and redefine a mapping color maximum interval to make the range larger 

than the maximum value interval calculated by the model, so as to ensure that the same 

chlorophyll content is mapped to the same color under different varieties, different 

growth periods and different water treatments. 

We selected representative plants in this experiment for the following visualization. 

Figure 9a shows the three-dimensional distribution of chlorophyll of the same poplar tree 

from the first to the fourth week; Figure 9b shows different drought levels. Response to 

changes in chlorophyll of 110 poplar under normal growth; Figure 9c shows from left to 

right the changes in chlorophyll distribution of four poplar varieties,  3804 poplar, 110 

poplar, -SY-1 poplar and 895 poplar, before and after being cultivated with the same drought 

intensity for 15 days; at the same time, in order to intuitively quantify the changes in chlo-

rophyll content of poplar trees at various stages in this study, Figure 10 we calculated the 

total average chlorophyll content of the upper and lower leaves of the four poplar varieties 

at different periods, and used the quantitative analysis of Figure 10 combined with the 

three-dimensional visualization diagrams of Figure 9a–c, the following overall overview 

of this experimental study is made. 

 

(a) 
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(c) 

Figure 9. Chlorophyll three-dimensional visualization at each stage of the test. (a) 3D visualization 

of poplar chlorophyll at different growth stages (Illustration: Pictures (1), (2), (3), and (4), respec-

tively, correspond to the three-dimensional chlorophyll visualization model of the same plant from 

week 1 to week 4). (b) 3D visualization of 110110poplar chlorophyll under different water treatments 

(Illustration: Pictures (5), (6), and (7), respectively, correspond to the three-dimensional chlorophyll 

visualization model of the same genotype (110) under different drought treatment levels). (c) Three-

dimensional visualization of chlorophyll under different gene regulation (Illustration: Pictures (8), 

(9), (10), and (11), respectively, correspond to the three-dimensional chlorophyll visualization points 

of the four poplar varieties 3804, 110, -SY-1, and 895 from before drought treatment (upper dotted 

line box) to after drought treatment (lower dotted line box) cloud model). 
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Figure 10. Chlorophyll content response at each stage of the test. Illustration: CK, mild drought, and 

severe drought in the figure represent the three levels of drought culture, respectively; top and lower 

represents upper leaves and lower leaves, and the time when drought begins is the 28th to 43rd day 

after the start of the experiment. 

The first to fourth sub-pictures in Figure 9a are the chlorophyll three-dimensional 

visualization models from the first to the fourth week when data collection begins. Under 

natural growth conditions, the chlorophyll content of poplar saplings gradually accumu-

lates with the time of photosynthesis. The newly grown leaves in the upper layer have a 

short photosynthesis time and a relatively low chlorophyll content; the lower leaves have 

a long growth time. Photosynthesis takes a relatively long time, and the accumulation of 

chlorophyll results in higher values. The chlorophyll is roughly distributed vertically be-

tween individual poplar trees. The chlorophyll content of the lower leaves is higher than 

that of the upper leaves. This is also consistent with the analysis results of each culture 

group before the 28th day of the experiment in Figure 10. 

Figure 9b shows the original point cloud and the visualized point cloud of 110poplar 

under different drought levels. The control checks (CK) group model shown in picture (5), 

sufficient water conditions provide plants with energy for photosynthesis. The plant 

maintains normal growth status, and chlorophyll is still distributed gradually from top to 

bottom among the poplar trees; in the severe drought group shown in picture (7), severe 

water shortage in the plants caused the leaves to wilt and turn yellow, increase the incli-

nation angle in a short period of time, limit photosynthesis, some leaves have fallen off, 

and the overall chlorophyll content dropped sharply. But at the same time, from picture 

(6) combined with the analysis results in Figure 10, the consistent point between severe 

drought and mild drought is that the upper leaves of the four varieties of poplar trees still 

have slightly increased values, and the elevated value in the mild drought group was 

greater than that in the severe drought group. 

Figure 9c shows the changes in the three-dimensional chlorophyll distribution of four 

poplar varieties within 15 days before and after mild drought stress. From the visual 

model shown in pictures (8), (9), (10), (11), before the onset of drought stress (upper dotted 
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line box), the poplar trees of the four genotypes all showed a longitudinal gradient distri-

bution of chlorophyll. The difference in chlorophyll distribution between different varie-

ties was not obvious, but significant changes occurred after drought stress (lower dotted 

line box), at this time, the average chlorophyll content of the four varieties was 895 > -SY-

1 > 110 > 3804. At the same time, the chlorophyll change rate of the four poplar genotypes 

before and after drought showed great differences. The change rate of chlorophyll content 

of the upper leaves was 110 > 895 > 3804 > -SY-1, and the change rate of chlorophyll content 

of the lower leaves was 3804 > -SY-1 > 110 > 895. 

It can be seen that factors such as different degrees of drought and inconsistent 

drought resistance of plants will lead to large differences in the chlorophyll content of 

poplar seedlings under the same cultivation conditions. Drought stress can trigger physi-

ological responses such as plant stomatal closure, leaf degradation, oxidative damage, and 

photosynthesis inhibition. Moderate drought severity and drought duration will actually 

increase the chlorophyll content of plants. This conclusion has also been explained in a 

large number of research [30]. The three-dimensional digital identification of chlorophyll 

through point cloud information not only greatly enhances the intuitiveness of the human 

eye in detecting changes in chlorophyll content, but also by observing the distribution of 

chlorophyll among the organs of poplar trees, we can analyze the response mechanism of 

chlorophyll content in different organs such as leaves and stems of plants under drought 

stress, so as to efficiently characterize the degree of plant stress and quickly take solutions. 

The research provides technical support and decision-making support for early diagnosis 

of poplar drought conditions, adjusting the ecological adaptability of varieties, and opti-

mizing cultivation and management techniques. 

5. Discussion 

SFM-MVS technology is a three-dimensional reconstruction technology that can au-

tomatically estimate camera arrays based on image sequences. In this study, it provides 

us with an imaging form in which the camera is stationary and the plant is rotating, 

achieving image sequence illumination in a short period of time unification, which estab-

lishes prerequisites for subsequent unified image color correction and subject segmenta-

tion [31]. In addition, the density and quality of point clouds presented by integrated 

three-dimensional imaging sensors, such as LIDAR and RGB-D cameras, are limited and 

cannot well display the color information of the leaf surface, let alone provide visible light 

image data sets for building models. In contrast, SFM-MVS technology has become a low-

cost, lightweight three-dimensional phenotyping research method [32]. At the same time, 

as a result of technical advances, such as the Lumalabs model, more methods of computer 

vision and image processing have been reported. Therefore, it is reasonable to anticipate 

that a method detecting plant phenotyping could be developed to provide chlorophyll 

content more intelligently. 

Although the validation results demonstrated the potential of the new technology, a 

few limitations are noted and should be worked on to improve the method. First, when 

we identify stress conditions, other non-invasive methods, such as chlorophyll fluores-

cence analysis, yield better results in the early stages of analysis. The cost is high and it 

also requires high imaging environment, so most of the research scale focuses on leaf or 

smaller plant. However, in this study, the plant height could reach 1.2–1.5 m in the later 

stages of the experiment. Using chlorophyll fluorescence equipment to non-invasively 

achieve three-dimensional parameter measurement and phenotype visualization of the 

entire plant will be challenging, but we still need to try it out in practice. Secondly, this 

study tested the 3D quantification and visualization performance of chlorophyll content 

in poplar seedling leaves, which is a key step in demonstrating the use of SFM-MVS tech-

nology combined with machine learning to link the three-dimensional distribution 

changes of chlorophyll in poplar under drought stress. The poplar saplings used to test 

the new method have a relatively simple plant structure and small leaves, compared to 

mature poplar. The denser leaf structure of this growth stage makes it more challenging 
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to capture the complete point cloud of the canopy (due to occlusion), and more and larger 

leaves further reduce the efficiency for surface reconstruction. 

In this study, we found that the chlorophyll content of the upper leaves of poplar 

trees of the same species accumulated after experiencing drought stress. Low-intensity 

and short-term drought stress causes plant leaves to retain water and self-regulate, and 

the stomata of the leaves are closed to limit the entry of carbon dioxide. In order to adapt 

to their own photosynthesis, plants will increase the content of chlorophyll to improve 

light energy absorption and utilization efficiency. To balance the adverse effects of sto-

matal closure to limit carbon dioxide absorption, the chlorophyll content of the upper 

leaves increased compared with normal culture. This result is consistent with the conclu-

sions in the literature [33,34]. 

Different drought stress levels can cause different fluctuations in plant physiological 

and metabolic activities. Plants cultured under different drought conditions response 

mechanisms of chlorophyll content in different poplar varieties may or may not be the 

same [35,36]. The use of computer technology to identify the three-dimensional distribu-

tion of chlorophyll content is of great significance for the early detection of plant drought 

stress. For forestry production, early detection and characterization of crop drought con-

ditions can help forestry producers take a series of measures such as increasing irrigation, 

improving soil moisture management, and shading as early as possible to reduce produc-

tion losses in forestry production and improve yield quality. For scientific research, effi-

cient characterization of plant water loss can help scholars better understand the physiol-

ogy and response mechanisms of plants under drought stress, adjust the applicability of 

different germplasm in different ecosystems, and promote research and development of 

technological strategies to combat drought, cultivate excellent drought-resistant varieties, 

and protect the diversity of ecosystems [37]. 

However, in the context of the inability to fuse multi-band reflectivity and three-di-

mensional structural information of plants through a single sensor, achieving organ-level 

high-precision three-dimensional digital identification of plant physical and chemical 

phenotypic parameters faces huge challenges, as shown in the literature [38–41], scholars 

use existing optical sensors to obtain point cloud information of soybeans, lettuce and 

small potted plants to achieve plant morphological phenotype information assessment 

such as segmentation and counting of organs between plants. However, physical and 

chemical parameters such as chlorophyll, nitrogen content, and water content are difficult 

to detect. The study of vertical distribution in three-dimensional plant models still lacks 

extensive research and development. At the same time, due to the lack of a mature point 

cloud annotation environment and the huge amount of calculations, it is impossible to 

build an efficient deep learning model to achieve efficient segmentation and phenotypic 

identification of rich data sets in a short time, which greatly restricted the multi-dimen-

sional and high-level intelligent development of plant phenomics [42]. 

In the future, improvements in data acquisition and measurement methods should 

be considered, and spectral analysis technology should be considered in three-dimen-

sional models to improve the final data dimension and phenotypic identification accuracy. 

The three-dimensional modeling technology based on the SFM-MVS technology can re-

store the details of the plant itself with high accuracy, however, compared with large-

scale, high-throughput rapid identification of plant phenotypes, it is more suitable for 

supporting greenhouse seedling cultivation. High-accuracy plant point cloud information 

can be integrated with computer science technology to provide effective technology for ob-

taining seedling phenotypes, as a means to promote the cultivation of fine varieties and ana-

lyze the phenotypic parameter responses of various plant organs under stress conditions. 
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6. Conclusions 

This paper proposes a three-dimensional plant chlorophyll visualization technology 

based on a machine learning model that renders point cloud colors. The experimental results 

of three-dimensional point cloud models of four varieties of poplar before and after water 

stress show. Image pre-processing can effectively reduce the amount of image storage and 

improve the accuracy and speed of point cloud reconstruction. The model that uses plant 

correction multi-view image information to invert chlorophyll content has high accuracy, 

among which the R2 of the PLSR model is 0.711. This model is integrated with plant point 

cloud correction color values to realize the chlorophyll content of poplar saplings under the 

condition of rich sample data sets. Three-dimensional identification is used to compara-

tively analyze the chlorophyll content response of multiple poplar varieties under different 

growth periods, different gene regulation, and different drought levels. 

Based on the method proposed in this article, sensing the vertical spatial distribution 

of plant chlorophyll among plants has become a low-cost, efficient, and intuitive method, 

which can be used to better identify plant trait changes in the early stages of stress and 

make improvement decisions in advance. This study found that under normal cultivation, 

the chlorophyll content of four poplar varieties showed a vertical gradient distribution 

state gradually increasing from top to bottom among the plants; under low-intensity, 

short-term drought stress, the upper leaves of poplar saplings that chlorophyll content 

showed a cumulative phenomenon and the value increased, if the drought intensity is 

low, the stronger the cumulative effect. In the lower leaves, the chlorophyll value de-

creased significantly with insufficient water supply. The value decreased in the severe 

drought group is greater than that in the mild drought group. 

Although the chlorophyll content of the upper leaves increased and the chlorophyll 

content of the lower leaves decreased in the four poplar genotypes after drought stress, 

the numerical changes were quite different. The differences among varieties are not only 

reflected in the light interception ability and light energy utilization efficiency of the 

leaves, but also in the inconsistent water absorption capacity between organs. These are 

the main factors affecting chlorophyll synthesis. As a result, the change rate of chlorophyll 

content of drought-tolerant varieties -SY-1 and 3804 before and after drought stress was 

lower than that of poplars 895 and 110. Utilizing the chlorophyll response mechanisms of 

different varieties under drought stress can provide an effective reference for regulating 

and planting suitable tree species in different ecological regions. 
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