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Abstract: This paper is concerned with the digitization and visualization of potted 

greenhouse tomato plants in indoor environments. For the digitization, an inexpensive and 

efficient commercial stereo sensor—a Microsoft Kinect—is used to separate visual 

information about tomato plants from background. Based on the Kinect, a 4-step approach 

that can automatically detect and segment stems of tomato plants is proposed, including 

acquisition and preprocessing of image data, detection of stem segments, removing false 

detections and automatic segmentation of stem segments. Correctly segmented texture 

samples including stems and leaves are then stored in a texture database for further usage. 

Two types of tomato plants—the cherry tomato variety and the ordinary variety are studied 

in this paper. The stem detection accuracy (under a simulated greenhouse environment) for 

the cherry tomato variety is 98.4% at a true positive rate of 78.0%, whereas the detection 

accuracy for the ordinary variety is 94.5% at a true positive of 72.5%. In visualization, we 

combine L-system theory and digitized tomato organ texture data to build realistic 3D 

virtual tomato plant models that are capable of exhibiting various structures and poses in 

real time. In particular, we also simulate the growth process on virtual tomato plants by 

exerting controls on two L-systems via parameters concerning the age and the form of 
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lateral branches. This research may provide useful visual cues for improving intelligent 

greenhouse control systems and meanwhile may facilitate research on artificial organisms. 

Keywords: plant digitization; plant visualization; stem detection; L-system; tomato plant; 

greenhouse climate control 

 

1. Introduction 

Greenhouse cultivation of vegetables is today becoming increasingly important in human food 

production. It is now a key component of facility agriculture that accounts for a large proportion of the 

world’s vegetable supply. In order to simultaneously further boost production in greenhouses and save 

energy, many modern greenhouses now turn to intelligent control algorithms for controlling the 

ventilation, auxiliary lighting equipment and sunshades in a fully automated way. An intelligent 

control system normally collects the greenhouse environment information and the growth status of the 

crops to decide how best to exercise the control strategy. The former is conveyed by data read from 

distributed sensors of temperature, light intensity, carbon dioxide concentration, and humidity, while 

the latter relies on vivid real-time images and videos of the crop. The visual imaging of the crop and 

the processing step afterward fall into the category of plant digitization, which aims to measure, 

analyze and finally store the sampled, digitized crop information in a well-organized database. More 

recently, advanced visualization technology has been introduced into greenhouses to provide visual 

cues to direct cultivation because of its effectiveness in facilitating routine surveillance of crop growth 

and its ability to display reconstructed “digital crops” in a way that communicates intuitively with 

human operators. 

Following the rapid development of modern greenhouses, the digitization and visualization of 

greenhouse plants has become an urgent task in facility agriculture. Owing to the complex 

environment and the sophisticated structure a crop usually has, the task can be very challenging; 

however, emerging techniques and sensors have been spurring the research, making it an interesting 

and promising topic among agriculturists, engineers and botanists. Research on digitization and 

visualization of plants is playing a direct role in promoting greenhouse production and interpretation of 

the intrinsic growth mechanism of crops; therefore, it has practical significance as follows: (1) propelling 

the development of intelligent greenhouse control technology; (2) expediting the study of plant 

physiology and ecology; (3) providing early or even advance warning of plant diseases and pests; and 

(4) assisting in robotic harvesting of fruits. 

Although a considerable amount of work on plant digitization and visualization can be found in the 

literature, as far as we know, very little effort has been spent on greenhouse plants. Many crops and 

rare flowers in greenhouses are cultivated in pots; thus, in this article, we concern ourselves with the 

tasks of digitization and visualization of potted greenhouse tomato plants in indoor environments. Cost 

control is crucial in agricultural cultivation, which means the sensor chosen for crop digitization must 

meet both efficiency and cost requirements. Therefore, in this work, the color and spatial details of the 

tomato plant are captured by a Kinect, an inexpensive and effective 3D sensing device developed by 

Microsoft in support of its videogaming systems. As a vital feature in plant taxonomy, the stems of a 
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plant form a skeleton system which not only supports the whole spatial structure, but also connects all 

other organs such as leaves and flowers; in addition, it can reveal the growth condition to some extent. 

Therefore, our digitizing approach focuses mainly on automatic detection and segmentation of the 

tomato stems. In the visualization step that ensues, parameterized procedural models (L-systems) are 

used to construct virtual tomato plants in 3D. To make a virtual plant realistic, the digitized real organ 

textures are utilized in mapping the virtual plant, which distinguishes our method from those 

conventional visualizing techniques that are currently applied in areas such as botany science, video 

gaming, human-machine interface, and landscape architecture. 

The contributions of this paper are twofold. The first is that we design an inexpensive and efficient 

digitization system. A novel sensor—the Kinect—is used to image greenhouse tomato plants in this 

system. The color data and the depth image captured simultaneously from the Kinect unit are 

combined to provide rough but comprehensive information. A fast and automated stem segmentation 

approach that works well on frames containing noise and large areas of missing data is then used to 

extract textures from the combined data. The second contribution is a visualization approach for 

generating vivid tomato plants with diverse structures and real textures. The visualization is guided by 

procedural rules and is subsequently mapped with digitized real organ samples. Our visualization is 

also capable of realizing 3D simulation of the whole growth process of two varieties of tomato plants. 

The restrictions of our method include: (1) the Kinect used in this paper—Kinect for XBOX360, is 

susceptible to direct sunlight; therefore, our method works only for shaded environments (e.g., a 

greenhouse with deployed shading nets) or for cloudy/overcast/rainy outdoor scenes; (2) the Kinect 

version used in this paper has a limited ability to image thin structures, so it cannot be used for 

digitizing small or very young crops; (3) experiments were carried out in an indoor scene that 

resembles the inside environment of a shaded modern greenhouse, so the performance of the proposed 

algorithm may somewhat degrade in a real greenhouse. These restrictions may be avoided by using 

Kinect 2.0 in future because the new sensor is likely to present better performance in unrestricted 

outdoor scenes with a higher accuracy.  

2. Related Research  

Plant digitization and plant visualization have both become active research areas. The literature of 

the two areas will be reviewed separately for purposes of organization in this section. Plant digitization 

aims to capture and measure the plant (or its organs) in digital images or scanned point clouds, and 

then carry out analysis. Two-dimensional imaging and analysis techniques have been extensively 

studied and applied to tasks such as crop (or weed) detection and segmentation [1–10], leaf and fruit 

recognition [11–14], and plant disease and pest analysis [15]. Recently, new progress is still emerging 

in the field of 2D plant digitization. Fernandez et al. [16] presented an automatic system that combines 

RGB and 2D multispectral imagery for discrimination of Cabernet Sauvignon grapevine elements such as 

leaves, branches, stems, and fruits in natural environments, to serve precision viticulture. Li et al. [17] 

developed an efficient method to identify blueberry fruit of four different growth stages in color 

images acquired under natural outdoor environments, and they quantitatively evaluated results across 

several classifiers for fruit identification. Bac et al. [18] used multi-spectral imaging to capture features 

of plants in a greenhouse, and then separate vegetation images into different parts for the aim of 



Sensors 2015, 15 4022 

 

 

creating a reliable obstacle map for robotic harvesting. Two-dimensional digitizing techniques are easy 

to implement because of their low equipment requirements; nevertheless, two inherent shortcomings 

deeply restrict their applicability: (1) The imaging and measuring process is subject to environmental 

illumination, such as sunlight or controlled lighting; and (2) an ordinary 2D image does not carry the 

depth (range) information about the plant, hence is unable to recover the spatial distribution. 

For the sake of presenting a vivid plant that is as realistic as possible and has more spatial details to 

digitize, it is natural to turn to 3D digitizing techniques that have found application in areas such as 

non-destructive inspection, object detection and tracking, virtual reality, preservation of artworks, 

building information models, and medicine. Conventional 3D imaging methods include Time-of-Flight 

(ToF) sensing [19–23], laser scanning [24–26], 3D recovery from stereo vision [27–30], structured 

light scanning [31–35], and photogrammetry-based methods [36], each of which has its own strengths 

and weaknesses. Concerning plant digitization, researchers have used 3D techniques to measure tree 

parameters such as tree position in the woods, tree height and Diameter at Breast Height (DBH) [37,38]. 

Some literature focuses on assessing and measuring forest canopy structures from terrestrial  

lidars [39,40]. Hosoi and Omasa [41,42] used a portable lidar to estimate Leaf Area Density (LAD) of 

a woody canopy and investigated factors that contribute to the accuracy of estimation. Teng et al. [43] 

built a segmentation and classification system for leaves, by which the 3D structure of a scene can be 

recovered from a series of source images captured from a calibrated camera, and then the leaves can be 

segmented from the structure by a joint 2D/3D approach. Biskup et al. [44] proposed an area-based, 

binocular stereo system composed of two DLSR cameras to digitize leaves in small- to medium-sized 

canopies. In [45], van der Heijden et al., used stereo vision and ToF images to extract plant features 

(e.g., plant height, leaf area) for automated phenotyping of large pepper plants in the greenhouse. To 

improve the applicability of the recognition method for clustered tomatoes, an algorithm based on 

binocular stereo vision was presented by Rong et al. [46]. The 3-D imaging and scanning techniques 

can also be incorporated into robotic systems to carry out digitizing missions on field plants. A 

binocular vision system was mounted on a mobile robot car to identify and locate weeds in the field by 

Jeon et al. [47]; their scheme was claimed to be robust against unstable outdoor illumination.  

Alenya et al. [48] attached a ToF camera and a RGB camera to a robot arm aiming to monitor plant 

leaves. Their work yielded a good enough 3D approximation for automated plant measurement at a 

high throughput of image flow. As a part of a project in which a robot is developed to harvest  

sweet-pepper in a greenhouse, Bac et al. [49] applied stereo vision techniques to localize stem regions 

of sweet-pepper plants by using the support wire as a visual cue. 

The majority of the existing 3-D imaging techniques or devices are able to generate satisfactory 

depth images or point clouds for plant digitization; nevertheless, their prices are usually too high for 

agricultural use, especially for large-scale implementation in a greenhouse. Furthermore, many of these 

techniques either depend on complicated manual procedures (e.g., camera calibration) to be ready, or 

are case-specific in application, which means the system must be rearranged in a new circumstance. 

Considering the cost control requirement in greenhouse cultivation, we have adopted the Kinect—an 

improved structured-light sensor—as our digitizing device, because of its low price (less than 100 USD), 

invariance to illumination changes, easy installation and available software development kit. 

Plant visualization aims at establishing a model capturing the plant’s shape, structure and even its 

growth, and finally exhibiting it in the 3D space. The mainstream plant visualization approaches can, 
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in principle, be divided into two categories. The first category reconstructs trees and plants from 

existing data captured from the real world, such as photographs and scanned point clouds. Following 

this line, various methods have been proposed to generate static plant models from different data 

sources. Raumonen et al. [50] presented a method for automatically constructing precise tree models 

from terrestrial laser-scanned data. Reche-Martinez et al. adopted a volumetric approach to reconstruct and 

render trees from a number of photographs [51]. Neubert et al. [52] used particle flows to model trees 

in a volume from images. Livny et al. [53] presented an automatic algorithm for major tree skeleton 

reconstruction from laser scans, with each reconstructed tree represented by a Branch-Structure Graph. 

Cote et al. created tree reconstructions from a terrestrial lidar [54]. Dornbusch et al. [55] proposed an 

architectural model for a barley plantlet by utilizing the scanned point clouds as a model database. 

Bradley et al. [56] described an approach for 3D modeling and synthesis of dense foliage through 

exploiting captured foliage images, which distinguishes itself from existing tree modeling approaches 

that normally focus on capturing the high-level branching structure of a tree. 

Recently, a number of data-based techniques for dynamic plant modeling and visualization have 

emerged. In [57], Li et al. modeled and generated moving trees from video. Diener et al. attempted to 

animate large-scale tree motion in 3D from video [58]. Pirk et al. [59] proposed a method that allows 

developmental stages to be generated from a single input and supports animating growth between these 

states. An interesting work on visualizing the growth of plants is presented by Li et al. in [60], in 

which a spatial and temporal analysis on 4D point cloud data of plants, with time being the 4th 

dimension. It was done to accurately locate growth events such as budding and bifurcation, and then a 

data-driven 3D reconstruction of plants was carried out. Bellasio et al. [61] used a structured light 

system to capture growth of 14 pepper plants, and then reconstructed the morphology and their 

chlorophyll fluorescence emission during growth in 3D space. 

Plant visualization techniques of the second category predominantly utilize procedural approaches 

to model virtual plants that have very natural and realistic appearance. Among the procedural generative 

methods, the biologically-motivated L-systems and their many variants are discussed most frequently. 

These methods can be traced back to the seminal work of [62–65], which all consider a tree as an 

explicitly-defined, recursive structure, characterized by parameters such as branching angles and the 

ratios of module sizes during generation [66]. De Reffye et al. [67] developed a procedural model 

based on the birth and death of growing buds that let users control the generation of plants by some 

parameters. Lintermann and Deussen [68] modeled the plant with a graph consisting of different 

components, within each of which the procedural modeling method specifies its behavior. In [69], 

authors presented a procedural model to create and render trees, with emphasis on the overall 

geometric structure, rather than on a strict adherence to botanical principles. Prusinkiewicz et al. [70] 

used an L-system-based modeling software L-studio to model various kinds of plants. Talton et al. [71] 

presented an algorithm for controlling grammar-based procedural models, and demonstrated the 

algorithm on procedural models of trees, cities, buildings, and Mondrian paintings. A branch of the 

procedural approaches regards trees as self-organizing structures subject to the environment. In these 

models, the plant patterns emerge from the competition of individual units for space or other  

factors [72–74]. Palubicki et al. [66] leveraged a self-organizing process dominated by the competition 

of buds and branches for light and space, to generate various models of temperate-climate trees  

and shrubs. 
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Either of the two categories of plant visualization can be complemented with interactive tools and 

user interventions to produce results of higher authenticity. Quan et al. [75] used interactive sketching 

to generate leaf geometry for visualizing plants from sparsely reconstructed 3D point clouds from 

images. Tan et al. [76] relied on user-drawn strokes to guide the synthesis of plants, where the input is 

a single photograph. Anastacio et al. [77] used concept sketches to guide the procedural modeling of 

plants. Wither et al. [78] designed a sketch tool based on silhouettes that allows users to create several 

trees under procedural rules. 

Although very accurate 3D plant models can be obtained from the data-based visualization, the 

negative aspects are apparent. For example, the reconstruction accuracy is inherently limited by the 

quality and compactness of the data obtained, and the reconstructed plant is merely a replica of the 

specific crop, which is not general enough to represent the whole species. The procedural methods for 

plant modeling and visualization aim at simulating realistic plant morphology and even growth from 

functional and biological aspects; however, most of the virtual plants generated in such way are 

graphically-formed, lacking details from real plants (e.g., leaf and stem textures). To overcome these 

drawbacks, in this paper we propose a visualizing scheme that combines the benefits from both 

categories by taking advantage of the parametric L-system theory and using real organ samples from 

scanned data, to realize general tomato plant models that are life-like. Our visualization scheme not 

only generates static virtual tomato plants, but can also simulate the growth and development of 

tomato plants by exerting controls on parameters concerning the age and the form of lateral branches. 

3. Materials and Methods 

3.1. Equipment and Plant Information 

The equipment for this paper consists of two parts: a Kinect sensor (Microsoft, Redmond, WA, 

USA) and a laptop (Acer, New Taipei City, Taiwan) operated under Windows 7 with a 2.3-GHz Intel 

Core i5 CPU and 6 GB RAM. The version of the Kinect used in this paper is a “Kinect for 

XBOX360”. The software environment where all of our experiments are carried out is VC++2010 

(Microsoft, Redmond, WA, USA) with the OpenGL library (SGI, Sunnyvale, CA, USA). 

Two types of tomato plants—the cherry tomato plant variety (Lycopersivon esculentum Mill) and 

the ordinary tomato plant variety (Solanum lycopersicum) are studied in this article. The cherry tomato 

plant is popular for its sweet fruit so it is now cultivated in many Asian greenhouses. The ordinary 

tomato plant refers to the most common variety that is currently cultivated in greenhouses across 

China; its fruit is much larger than the cherry tomato. Two individuals from each variety, a total of 

four crops in pots, are observed and processed during a growth period of 85 days (from June to 

September 2013) in an indoor environment. In image acquisition, the distance between the sensor and 

the pot is between 0.9 m and 1.0 m, and the images are mostly captured in clear days around 12 p.m. 

3.2. Digitization of Potted Tomato Plants 

As a fundamental structure in plants, the stem system is important to plant taxonomy and growth 

monitoring. Detection and recognition of plant stems has becoming an essential part of many 

automated computer and electronic systems applied in agriculture (e.g., robotic harvesting systems). 
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Therefore in the digitization of greenhouse tomato plants, we focus on stems by using a Kinect as the 

sensing instrument, and propose a four-step automatic stem digitization scheme (Figure 1). First, the 

Kinect is used to capture both color and depth information of a tomato plant in Step 1. Then in Step 2, 

linear features of the plant images are detected and regarded as candidate stem segments. In Step 3, a 

histogram-based thresholding algorithm on a grid system is applied to decide an accurate region in 

which the main stems congregate, so as to eliminate false candidates in the canopy and the pot regions. 

Finally, stem texture samples are segmented and stored for further usage (e.g., visualization) in Step 4. 

 

Figure 1. A flow chart of the proposed automatic stem digitization scheme for tomato plants. 

3.2.1. Step 1: Acquisition and Preprocessing of Image Data 

The Kinect can obtain color and depth images at the same time. Figure 2a is a color image of a 

tomato plant placed in a lab environment, and Figure 2b is the raw depth image corresponding to 

Figure 2a. Only those surfaces whose distances from the sensor are between 0.8 m and 1.5 m are 

shown with orange color in Figure 2b to completely filter out the cluttered background. The color and 

the depth images are aligned in Figure 2c by using the SDK for Kinect. 

Stems are linear segments that are interconnected as a skeleton in the plant structure. Many 

powerful algorithms have been designed for extracting skeletons composed of stems from 3D/2D 
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structures or surfaces [53,79,80]. Though these methods can tolerate outliers and noise to a certain 

degree, they assume without exception that the object structure is dense and well connected. In our 

case, the digitized image of the tomato plant is sparse and fragmented, as seen in Figure 2c. Therefore, 

we resort to a simpler but more reliable 2D algorithm [81] to extract skeleton from the aligned depth 

image, because of its fast speed and its capability of handling fragmented structures. The result is 

shown in Figure 2d. 

 

Figure 2. Preprocessing of image data from the Kinect and a proposed grid system. (a) is 

an original color image obtained from the Kinect; (b) is the depth image obtained from the 

Kinect; (c) is the color image after aligning (a) and (b); (d) is the binary image after 

thinning of (b); In (e), all detected stems are labeled in the depth image; In (f), the central 

axis is colored red, and the grid system is constructed by gray lines. 

3.2.2. Step 2: Detection of Stem Segments 

After Step 1, stems of the potted tomato are thinned as short segments (Figure 2d); therefore a 

feasible choice to detect those stems is to use line detecting algorithms. The Progressive Probabilistic 

Hough Transform (PPHT) algorithm [82] is applied for line detection on the binary image Figure 2d. 

Each detected stem segment is painted blue with its two end points painted in yellow in Figure 2e. We 

could observe that PPHT has detected lots of line segments within the canopy and the pot areas. These 

falsely detected segments should not be regarded as stems, so in the following step we will discuss 



Sensors 2015, 15 4027 

 

 

how to remove false stem candidates while keeping the correct ones. To better distinguish correct stem 

segments from false-positive detections, a grid system based on the depth mask of the plant is devised 

to facilitate further analysis. In this system, we first define the direction of gravity as the direction of the 

plant axis, which is presented as a vertical red line that lies around the center of the pot in Figure 2f. The 

planar grid system with grey color is then established as in Figure 2f, and the space between any two 

adjacent lines is uniform. 

3.2.3. Step 3: Removing False Detections 

The cross-sectional areas within the canopy or the pot with respect to the plant axis are generally 

much larger than the areas around main stems of the plant, so the horizontal breadth of the potted plant 

takes on a “fat-thin-fat” form from top to bottom in the side view from the camera (see Figure 3a). In 

the grid system, if there are enough orange pixels falling into a single grid, then it is considered to be a 

valid grid. Let the plant axis be the ordinate; a point that is on the axis and higher than the plant is set 

as the origin, and the unit in this coordinate system is the number of grids. Returning to Figure 2f, on 

each horizontal row, the number of grids between the farthest valid grid and the plant axis is recorded 

as the breadth of that row. Due to the limit of sensor precision and the possible irregular plant 

structure, a row may have zero breadth. When this happens, the breadth of an adjacent row is used to 

substitute for the zero breadth. By showing all the breadth numbers in the coordinate system, a 

histogram is established as in Figure 3b. In this histogram, the “fat-thin-fat” breadth feature is roughly 

depicted by a bimodal pattern. However, some areas of the histogram are not smooth enough to allow 

carrying out of further analysis, so a median filter is applied to smooth the histogram, and the resultant 

histogram is given in Figure 3c. Comparing Figure 3a,c, it is not hard to see that the majority of main 

stems are distributed in the valley of the histogram; therefore, as soon as the position of the valley is 

determined, we can remove undesirable stems. 

 

Figure 3. Using the histogram of plant breadth to reduce false-positive stem detections.  

(a) “fat-thin-fat” breadth feature of a tomato plant—the breadth of each row is represented 

by a white line which is actually a bar in the histogram; (b) is the established histogram;  

(c) is the histogram after median filtering, in which the blue line is the optimal threshold 

computed by Otsu’s algorithm; (d) the blue line is the threshold obtained by applying 

Otsu’s algorithm twice, and the two dashed lines are the upper and lower bounds of the 

valley region; (e) stem detection result—note that the false positives in the canopy area are 

removed because of the stem interval; (f) the final detection result of stems—note that false 

detections in the pot area are removed. 
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Otsu’s algorithm [83] is very good at fixing a threshold that separates data into two classes by 

maximizing the between-class variance and minimizing the within-class variance at the same time. By 

taking advantage of this algorithm, we are able to locate the valley region that lies between the two 

peaks of the bimodal pattern, and the valley should be the place where main stems are very likely to 

grow. The steps for locating the interval on the plant axis that covers the valley of the histogram are 

specified as follows: First, we presume the plant breadth histogram data can be well divided into two 

classes—that is, the histogram can be divided into two unimodal parts, one peaking at the height where 

canopy is the thickest and the other peaking at the pot area. Then we obtain the optimal classification 

threshold via calculating and maximizing the between-class variance, and the threshold is located in 

the valley. Finally, the threshold, along with standard deviations of the two classes, is combined to 

determine an exact interval—the valley region in which the main stems grow. 

In the histogram, the total number of bars is denoted by L and the data number associated with a bar 
is denoted by in , with {1,2,..., }i LÎ , which is also the height of that bar. The population of all data 

involved is denoted by 1 ... LN n n= + + . So the proportion of each bar to the sum of the bars is 

computed as follows:  

1
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The between-class variance of 0C  and 1C  is denoted by: 
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The optimal threshold *k  maximizes ( )B ks , and is given by: 
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In practice, a thorough scan from 1 to L is carried out to find the k  that has the highest ( )B ks . The 

optimal threshold *k  is marked by a blue threshold line in Figure 3c. 

Although this threshold may be successfully obtained, the line calculated in Figure 3c does not 

bound the ideal area of the valley. The reason mainly lies in the imbalance between the sizes of the  
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two classes. The size of 0C  is much larger than 1C  because the canopy in this example is larger than 

the pot. The threshold obtained by Otsu’s algorithm will inevitably move toward the class that has the 

bigger membership, resulting in a bias on the threshold. This phenomenon can be relieved by applying 

Otsu’s algorithm multiple times. The procedure is given in detail as follows: First we calculate the 

threshold of the histogram using Otsu’s algorithm. Then the threshold line divides the histogram into 

two parts. If their sizes are balanced, then the threshold is adopted as the final result; but if they have 

unbalanced weights, the calculated threshold has a tendency to move toward the center of the larger 

class, causing the ideal threshold to be located in the part containing the weaker class. Therefore in this 

case, Otsu’s algorithm is applied again on the weaker part of the histogram to find a new threshold. We 

have found that two iterations were enough to yield a satisfactory threshold, and the new threshold is 

marked in Figure 3d by a blue line located correctly in the main stem area. 

As soon as the threshold is fixed, we must determine the upper and lower bounds of the valley 
region. The within-class standard deviations of each class ( 0s  and 1s , respectively) are computed. The 

stem region is then denoted by interval * *
0 1[ , ]k ks s- + . For each line segment detected by PPHT in 

Section 3.2.2, we check whether at least part of it falls in the stem interval. Those stem candidates that 

are outside the region are removed. The remaining stem candidates after this process are shown in 

Figure 3e. Comparing it with Figure 2e, we can see that the false detections in the canopy are 

completely removed by the computed interval. However, it is easily observed that much false detection 

still remains in the pot region. Here we take advantage of the knowledge that the cross-sectional  

length of a segment in the pot area is much longer than a segment in the main stem area. All the 

remaining stems in Figure 3e are filtered by a threshold for cross-sectional length, and if the average 

cross-sectional length of a segment in the lower region is longer than the threshold, then that stem is 

removed. The final result is shown by Figure 3f, in which the false detections in the pot area are 

successfully removed. 

3.2.4. Step 4: Automatic Segmentation of Tomato Stems 

After removing false-positive stems, the segmentation from the original color image is performed 

automatically according to the position of the segments, to achieve the aim of constructing a database 

of stem textures. The database can contribute to data-based life-like visualization of greenhouse 

tomatoes. For each pair of color image and depth image of the tomato plant captured from the Kinect, 

we apply the above stem digitizing scheme to extract real stem texture samples, and then store them in 

a database for further usage as visualization. 

3.3. Visualization of Virtual Tomato Plants 

We propose a visualization scheme that combines a procedural plant modeling approach and 

digitized tomato organ texture data to visualize two types of virtual tomato plants in 3D. In the 

proposed scheme, parametric L-system theory is introduced, followed by specifics of the parametric 

procedural rules devised for the two different types of tomato plants. The digitized organ textures are 

used to map and render the virtual plant models under L-system rules. 
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3.3.1. Modeling Tomato Plants 

An L-system is basically a parallel string rewriting system that iteratively generates a string of 

symbols to model a life-form, usually a plant. The recursive and fractal nature of the L-system makes it 

a popular model to describe the structure and development of plants in 2D/3D. A number of variations 

and extensions of L-system have been developed; among them, the parametric L-system is perhaps the 

most widely used. In a parametric L-system, each symbol is associated with one or several parameters 

to realize complicated continuous transformation during recursions. The parametric L-system provides 

a convenient means for incorporating real-valued parameters into L-system-based models, creating a 

methodology capable of mixed discrete-continuous simulation [84]. 

A typical parametric L-system G  comprises four main elements: alphabet V , axiom ω , production 

set P , and a parameter set Θ , usually defined as a 4-tuple: 

( , , , )G V ω P Θ=  (8)

where the alphabet is a set of symbols that includes plant organs such as stem, flower, leaf, fruit and so 

on, and also includes some operators that allow organs to develop or transform, e.g., rotate. The axiom, 

which represents the initial state of the plant system, is formulated as a string of symbols from V . A 

production set contains all the rules needed for updating the axiom string iteratively. By applying 

production rules, symbols are replaced by a new symbol (can be itself), or a combination of other 

symbols. An example of a production for a single symbol is given by: 

( )
cond

pred succΘ   (9)

In Equation (9), the word pred is on behalf of the predecessor symbol before recursion and succ is 

the successor symbol after recursion, with both of them controlled by real-valued parameters. The 

word cond stands for a condition with respect to values of parameters associated with pred. The 

production holds if and only if the three following requirements are satisfied simultaneously: (1) The 

actual symbol in the L-system string is the same as the formal symbol pred; (2) The number of actual 

parameters appearing is the same as the number of formal parameters of pred; (3) The parametric 

condition that is formulated by cond is met. During a recursion, each actual symbol in the axiom string 

is examined vis-a-vis the three requirements, and if a corresponding production holds, then that 

particular symbol is replaced by the symbol given by succ. 

Our parameter set Θ  contains all parameters in relation with the symbols in V . Hereby we 

primarily focus on two important parameters in the proposed L-systems—the age and the type of the 

lateral branch. The age parameter is a discretized value that resides in each actual symbol of the 

system, indicating the growth stage. Before explaining the lateral branch parameter, some information 

about the branching system of tomato plants must be given at first. In general, a tomato crop only has 

one main stem from which many lateral branches grow. A lateral branch can have five different forms, 

that is—(1) the branch itself is a compound leaf which grows directly from the main stem or it is a 

short branch that is not able to fully develop; (2) the branch is able to develop into a full-fledged one 

where both compound leaves and single leaves may grow; (3) the branch can only grow flowers and 

fruits; (4) the terminal branch atop the main stem grows leaves only; (5) the terminal branch atop the 

main stem grows flowers. Each lateral branch in the L-system string is assigned an integer as a branch 
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parameter, according to its branch form—e.g., a branch that grows flowers will be assigned integer 3. 

The parameter set enables the L-system to generate complex plant structures, and meanwhile provides 

the capability to simulate continuous growth of plants. 

In our parametric L-systems, all lateral branches are pre-defined, which means the basic structure of 

the plant has already been decided before it starts to grow. The definition of the branches is given by 

our axiom string ω  which is presented as a choice string such as: 

( )2,2,1,2,1,2,3,1,5choice =  (10) 

The choice string decides the sequence of growth for all lateral branches of a virtual tomato plant 

during development. The example string (10) proceeds as follows: a type 2 branch is grown on the 

plant first; then when the plant becomes taller, another type 2 branch is bifurcated from the main stem 

at a location that is higher than the first branch; afterward, a third type 1 branch will grow at a higher 

position than all previous branches, and this process continues until the end of the string. 

The axioms and production rules for two tomato varieties were largely summarized from continuous 

observations on four greenhouse individuals—two of each type—during the growth period. Some 

experience from cultivation specialists was also used to enrich the production set. The alphabet for the 

two parametric L-systems in this paper is given by Table 1. The production set of the parametric  

L-system for the ordinary tomato plant is given by Figure 4. The production set for the cherry tomato 

plant is omitted because of its similarity with Figure 4. The major difference between the two 

production sets is that the cherry tomato plant may have leaves and flowers on the same branch, while 

its counterpart’s leaves and flowers will appear on separate branches. 

Table 1. Alphabet of Our Parametric L-Systems. This alphabet table is used in two 

parametric systems designed for two types of tomato plants.  

Symbols 

L Leaf that grows on the side of the branch 
l Leaf at the end of the lateral branch 
F Main stem 
S Short lateral branch (type 1) 
G Fruit 
P Flower stalk 
H Flower 
Y Bud stalk atop the main stem 
y Bud atop the main stem 
h Lateral branch with flower (type 3) 
f Lateral branch without flower (type 2) 

Parameters 

age Age of an organ or a component in the plant 
r A special state of the “age” parameter a 
i Index for traversing the “choice” string 
j Cumulative number for main stem growth 
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Table 1. Cont. 

Operators: b 

/ An angle of curvature of the main stem 
& An spatial angle of lateral branch 
# An spatial angle of a leaf on the lateral branch 
[ ] A branching structure c 

,+ -  A rotation angle, positive for counterclockwise 
&&,||,==,!= The same as defined in c++ language 

Control character: d 

A Main stem control character 
B Lateral branch control character 
C Control character of the shorter lateral branch 
D Control character of a full-fledged branch 

a For all organs but leaves, age = r means they have reached a stable state and their morphological properties 

then remain unchanged; however, for a leaf, age = r means that at the next recursion, that leaf will be 

replaced by two leaves as a result of bifurcation (see production P13 in Figure 4); b When an operator is used 

for a change in spatial angle, we mean the subject of that operator is changed by that angular amount relative 

to the reference; c In an L-system string, left and right brackets must appear in pairs, and a pair of “[ ]” stands 

for a branching structure which can be a lateral branch, a flower branch, or a leaf; d Unlike symbols, control 

characters do not have corresponding entities in visualization, but they can turn into different organ symbols 

in recursion. The main purpose of a control parameter is controlling a specific type of symbol. 

3.3.2. Visualization 

In the proposed parametric L-systems for tomato plants, the initial string of symbols (axiom) is very 

simple, and it amounts to the plant at a very young stage. During L-system iterations, each symbol in 

the string transforms into a new symbol or a combination of symbols following the set of production 

rules in Figure 4. Therefore, the string of symbols rewrites itself after each iteration, and cause the 

corresponding virtual plant to update itself (grow and develop). In visualization, a link is established 

between each symbol and a 3D entity—plant organs such as leaf, stem, fruit, etc. By following the 

specific control instructions from operators and control characters in the string, all these entities are 

rotated, curved, moved, and are connected to each other to construct a complete virtual tomato plant in 

3D space. In previous studies on generating virtual plants via procedural models, the plant organs are 

graphically formed, i.e., the 3D entity used to construct the virtual plant is created by graphic tools on 

computers. Although some of them have similar shapes compared to real plant organs, they lack real 

details such as texture and color information. In our visualization, real organ texture samples (stems 

and leaves) obtained in the previous digitization scheme are used as entities to map life-like tomato 

plants guided by the proposed L-system models. 
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Figure 4. Production Set of the Parametric L-System for the Ordinary Tomato Plant. This 

production set is used for generating an ordinary tomato plant. The production set for 

generating a cherry tomato plant is similar to Figure 4; therefore, for brevity, it is  

not given in this paper (a The syntax “][” in production P13 looks strange but is correct 

because the symbol L(r) only appears in production P3 with a string segment “[+L(r)]”, 

and according to P13, in next recursion, P3 will turn into “[+L(3)][−L(0)]”, which is 

syntactically correct). 
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4. Results and Discussion 

4.1. Digitization Results 

Digitization results of two kinds of organs—leaves and stems are presented in this sub-section. 

Stems of the observed tomato plants are automatically segmented and stored in a database using the 

stem digitization scheme proposed in Section 3.2.  

Leaf samples are directly digitized from images of several leaves by applying color-based 

segmentation on them against a uniform background. Some stem and leaf texture samples of the cherry 

tomato plant are given in Figure 5a, while some stem and leaf texture samples of the ordinary variety 

are displayed in Figure 5b. It should be noted that several compound leaves are included in Figure 5b. 

 

Figure 5. Some digitized organ textures. (a) gives some samples from two cherry tomato 

individuals; (b) displays some organ samples from two ordinary greenhouse tomato plants. 

In order to evaluate the performance of the proposed stem segmentation algorithm in a quantitative 

way, several metrics are introduced. If a main stem of the plant is not covered by any detected 

segments produced by the algorithm in the bounded valley region (e.g., the region between the green 

dashed lines in Figure 3e) of a test image, we consider it is a False Negative (FN). On the contrary, if 

there exists one or several detected line segments that cover a part of the main stem, a True Positive 

(TP) is counted for this main stem. False Negative Rate (FNR) is defined as the ratio of the number of 

FNs in a batch of test images to the total number of main stems counted manually from test images. 

True Positive Rate (TPR) is defined as the ratio of the number of TPs in a batch of test images to the 

total number of stems counted manually. It is easy to find out that for the same set of test images, the 

sum of TPR and FNR is 1. In the set of extracted stem segments acquired from our algorithm, a 

segment that is not located at the position of a true main stem is treated as a False Positive (FP). In 

contrast, a Successful Detection (SD) stands for an extracted stem segment that is located on the true 

main stem. Error Rate (ER) is defined as the ratio of the number of FPs in the set of extracted 

segments to the total number of the extracted segments, and Accuracy (Ac) is the ratio of the sum of 

SDs in the set of extracted segments to the total number of the extracted segments. The value of 

accuracy can also be computed by subtracting ER from 1. To intuitively demonstrate how we count 

FN, TP, FP, and SD in experiments, two examples on the ordinary tomato plants are given in Figure 6. 

All four tomato crops were planted and observed in a growth period of about 85 days; however, 
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because the stems are too thin to be captured by the Kinect when plants are young, the stem digitization 

algorithm wasn’t applied on those crops until they stepped into the stage of rapid development. 

 

Figure 6. Two examples for explaining how we count FN, TP, FP, and SD from test 

images. (a,c) are depth images of the ordinary tomato plants; (b,d) are the color images 

corresponding to (a,c) respectively, and the background is removed in both cases by a 

depth threshold. The green and red horizontal lines in (a) are the upper bound and lower 

bound of the main stem region computed by the proposed algorithm, respectively. The 

cyan line is the threshold obtained by applying Otsu’s algorithm twice. In the first 

example—i.e., (a,b), there are two main stems in the bounded region (manually counted), 

and two stem segments are detected and labeled with blue color. One correctly falls on the 

right main stem, so it is labeled as a SD; the other is a false detection in the canopy 

therefore we label it as an FP. Because none of the detected stems covers the left main 

stem, an FN is counted; however, there exists a detected stem covering the right main stem, 

so a TP is counted. In the second example, i.e., (c,d), there are also two main stems in the 

bounded region. Four stem segments are detected and labeled in (c), with two of them 

correctly fall on the left main stem, and the other two are errors. Therefore, 2 FPs and 2 

SDs are counted. There are two stems fall on the left main stem, so a TP is counted. 

However, the right main stem is not covered by any results, thus an FN is counted here. 
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Practically, for both varieties, the data collection for quantitative stem segmentation experiments 

began after 40 days. For cherry tomato plants, image data were captured at three different growth 

phases at ten-day intervals: 67 image pairs with each pair consisting of a depth image (as Figure 2b) 

and a color image (as Figure 2c) were captured at growth phase 1; 63 image pairs were captured at 

phase 2; and 41 image pairs were captured at phase 3. We randomly selected 11 image pairs from 

phase 1, 17 pairs from phase 2, and 22 pairs from phase 3 to carry out the quantitative experiments for 

the cherry tomato variety. For ordinary tomato plants, image data were captured at four different 

growth phases at eight-day intervals. The number of recorded pairs at each phase is 39, 130, 329, and 

152, respectively. We randomly selected 10 image pairs from phase 1, 13 pairs from phase 2, 32 pairs 

from phase 3, and 25 pairs from phase 4 to carry out the quantitative experiments for the ordinary 

tomato variety. We summarized the metrics including FN, TP, FP, and SD in each separate growth 

phase of the test plants, and calculated the corresponding FNR, TPR, ER and Ac. All the quantitative 

results are listed in Table 2. The total TPR and Ac for the cherry tomato variety are 78.0% and 98.4%, 

respectively; whereas the total TPR and Ac for the ordinary tomato variety are slightly lower, at 72.5% 

and 94.5%, respectively. The performance of the stem segmentation algorithm on the ordinary tomato 

variety is slightly better than on the cherry tomato variety because the former plant is generally more 

complicated in structure than the latter as a result of: (i) longer lateral branches; and (ii) larger leaves. 

Therefore it is usually harder to segment stems from an ordinary tomato plant. Both types of plants 

obtain worst segmentation performances in the intermediate phase (Phase 2 of both types). This is 

because the plants developed the densest canopies in the intermediate phase, which reduces the  

“fat-thin-fat” character and hence causes deterioration of the segmentation results. In the final phases, 

some branches started to wither, decreasing the canopy density and producing better results. The stem 

detection and segmentation costs about 130 ms on average per image pair captured by the Kinect on 

our laptop. Some stem detection results of the proposed scheme are displayed in Figure 7, where all the 

stem segments are well detected from the main stems. 

Table 2. Quantitative experiments of the proposed stem digitization scheme on two 

different varieties of tomato plants. 

 Cherry Tomato Plants Ordinary Tomato Plants 

 Phase 1 Phase 2 Phase 3 Phase 1 Phase 2 Phase 3 Phase 4 
Number of image pairs tested 11 17 22 10 13 32 25 

Number of main stems 11 17 22 19 24 63 47 
Number of detected stems 14 16 33 18 21 78 48 

FN 2 5 4 5 9 10 18 
TP 9 12 18 14 15 53 29 
FP 0 0 1 1 0 3 5 
SD 14 16 32 17 21 75 43 

FNR 18.2% 29.4% 18.2% 26.3% 37.5% 15.9% 38.3% 
TPR 81.8% 70.6% 81.8% 73.7% 62.5% 84.1% 61.7% 
ER 0.0% 0.0% 3.1% 5.6% 0% 3.8% 10.4% 
Ac 100.0% 100.0% 96.9% 94.4% 100.0% 96.2% 89.6% 

Total FNR 22.0% 27.5% 
Total TPR 78.0% 72.5% 
Total ER 1.6% 5.5% 
Total Ac 98.4% 94.5% 
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Figure 7. Some detection results of the proposed scheme on two types of tomato plants. 

The first two columns of the images are results of the cherry tomato plants; whereas the 

last two columns are results of the ordinary tomato plants. Each detected stem segment is 

painted blue with its two ends painted in yellow, and these detected stems are labeled 

directly on the depth images. (a,e,i) are three resultant depth images of the cherry tomato 

plant; and (b,f,j) are the corresponding color images without background, respectively.  

two stems are detected in (a), two are detected in (e), and five short stems are detected in 

(i); (c,g,k) are three resultant depth images of the ordinary tomato plant; and (d,h,l) are the 

corresponding color images without background, respectively. Three stem segments are 

detected and labeled in (c), four stems are detected in both (g,k). All 20 of the detected 

stems in Figure 7 are located on the main stems, and all main stems of the tested tomato 

plants are covered by the detected segments. 

4.2. Results of Visualization 

4.2.1. 3D Visualization of Two Types of Tomato Plants 

Visualizations in this subsection are realized by implementing the scheme proposed in Section 3.4. 

The cherry tomato variety is visualized first. In order to intuitively demonstrate how we utilize the 
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digitized organ samples to model virtual plants under parametric L-systems, all visualizations will be 

organized in a two-step manner. In the first step we construct the morphological structure. A spatial 

skeleton that contains only the main stem segments and lateral branches is established by using the 

parametric L-systems given in the previous subsection. Afterwards, real stem textures are randomly 

chosen from the database to texture-map the cylinder-like stems and branches. In the next step, 

digitized leaf samples and other plant organs are added to the skeleton to complete the visualization. A 

cherry tomato plant and an ordinary greenhouse tomato plant are visualized in Figures 8 and 9, 

respectively, using the two-step procedure. 

 

Figure 8. Visualization of a virtual cherry tomato plant demonstrated in a two-step 

manner. In (a), a branching skeleton is established under L-system rules, and randomly 

selected stem samples from the database are used to texture-map all branches in the 

skeleton. Two parts of the main stem, labeled by orange marks, are mapped and rendered 

by two different real samples shown beside them; in (b), leaves and tomatoes are added to 

the skeleton to build the final plant. Two leaves, labeled by orange circles, are respectively 

mapped by two different real leaves. Other organs such as fruits and flowers in (b) are 

rendered in a purely graphic way, which means no real samples are used. 

To make the modeled plants as real as possible, some subtle adjustments are carried out. For 

example, the main stem is generally not strictly straight due to uneven distribution of lateral branches 

that place different weight loads on the main stem. Therefore, in the proposed L-systems, the direction 

of the main stem is altered slightly at each step of the plant’s growth. Another example is that we 

observed that the lateral branches on a real plant bend downward because of their innate fragility. 

Therefore every branch is artificially bent downward in our virtual models, and the longer a branch is, 

the more curvature it will exhibit. Leaves are not reconstructed as planar objects in our visualizations; 

the Bezier surface is adopted to simulate the natural shape of each leaf instead. To better display the 

details of our visualization results, a virtual ordinary tomato plant is displayed at several different 

viewing angles in Figure 10. 
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Figure 9. Visualization of a virtual ordinary tomato plant presented in a two-step manner. 

In (a), a skeleton is established under L-system rules, and randomly selected stem samples 

from the digitization database are used to texture-map all branches in the skeleton. Two 

parts of the skeleton are intentionally highlighted by orange circles, and they are mapped 

by two different real stem samples shown beside the skeleton; in (b), leaves, flowers 

(yellow), and tomatoes (red) are added to the skeleton to model the final plant. Two leaves, 

labeled by orange circles, are mapped by two real leaves, one of which is a compound leaf. 

The fruits and flowers in (b) are rendered in the same way as in Figure 8b. The pot is also 

visualized to distinguish this case from the cherry tomato plant. 

 

Figure 10. A virtual ordinary greenhouse tomato plant seen from different viewing 

directions. In each small figure, the specific viewing direction of the virtual observer with 

respect to the plant is shown by a rectangular coordinate system in 3D, in which the X,Y 

and Z axes are rendered in red, blue and green, respectively. It should also be noted that in 

this example the fruits had not fully ripened, so several tomatoes exhibit an orange color on 

their surfaces. 
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4.2.2. Growth Visualization 

By bringing an age parameter into an L-system, development of the whole life-span of all organs 

and components of the plant can be reproduced and realized. Furthermore, parameter-dependent 

conditions can be designed and incorporated into L-system productions to provide sophisticated and 

particular controls on symbols, which—in the end—constrain the growth process of the virtual plant. 

In our approach, the age parameter normally takes on integer values starting at 0. The values of a 

symbol’s age increase by 1 at each consecutive stage of growth. There is also a special state “r” for the 

age parameter (specified in Table 1). A virtual growth process of a cherry tomato plant is displayed in 

Figure 11, and growth visualization of an ordinary tomato plant is shown in Figure 12. 

 

Figure 11. Growth visualization of a virtual cherry tomato plant. Figure 11a–e are virtual 

plants at different growth stages—for example, (a) is at the sprouting stage; (b) is at the 

stage of rapid development; (c) is at the stage of blooming; (d) is when fruiting has begun; 

in (e) all the tomatoes are ripe. It should be mentioned that as soon as a flower withers, 

then a fruit begins to grow at the same place on the branch, and as the age of a fruit 

increases, its size gradually increases and its color turns smoothly from green to red. 

 

Figure 12. Growth visualization of an ordinary greenhouse tomato plant. Figure 12a–e are 

virtual plants at different growth stages. (a) shows the sprouting stage; (b) is at the stage of 

rapid development; (c) is at the stage of blossom; (d) is at the stage of fruiting, but the 

tomatoes have not yet completely ripened; In (e) all the tomatoes are ripe. 

4.2.3. Randomness in Visualization 

The parametric L-system integrates the structural rules and the growth mechanisms of a specific 

plant species, and by introducing some randomness, it is capable of generating 3D virtual plants with 
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diverse structures and various poses, which cannot be easily done by reconstruction directly from 

sensor images. 

In visualized 3D plant models, we can produce substantial changes in plant structure by changing 

the branching system of a plant each time the growth visualization starts, which is realized in practice 

by randomly generating an L-system axiom in the beginning. Furthermore, variations in plant structure 

can be created by artificially generating stochastic perturbations in the geometric properties of the 

various organs during rendering—for instance: (1) the spatial angle of each leaf stalk or flower stalk 

with respect to the branch where it grows; (2) the position of each branch relative to the main stem;  

(3) the length of each lateral branch; (4) the number of leaves on a branch, and so forth. In addition to 

those randomizing measures in the L-system design and rendering procedure, randomness can also be 

realized conveniently in the digitization-guided texture-mapping step. This idea is actually shown in 

Figures 8 and 9; in both figures, each part of the virtual plant is mapped by a randomly selected organ 

texture sample from digitization. In Figure 13, a virtual ordinary tomato plant at exactly the same 

growth stage is generated four times with randomness added. All four cases are viewed in the same 

orientation. It is very clear that the structure and the pose of the plant are significantly affected by the 

proposed randomization methods. 

 

Figure 13. Four virtual ordinary tomato plants that share the same growth period and the 

same viewing angle are constructed by our randomized parametric L-system. The 

structures of (a–d) are very different. 

4.3. Discussions 

4.3.1. Performance of the Stem Digitization Scheme 

The TPR and accuracy (Ac) used in the quantitative stem detection experiments are two  

inter-related and inter-constrained metrics. For both TPR and Ac, a higher value means a better 

detection performance. In stem digitization, we can allow more stem segments to be detected by 
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relaxing the constrains for removing false detections, e.g., more stems will be detected if we do not 

reject stems that have larger widths. TPR will increase if more stem segments are detected because 

main stems are more likely to be covered (the number of TP is more likely to increase); however, when 

it comes to the set of extracted stems, the value of Ac will inevitably fall as more false positives are 

detected due to the relaxed constrains. In this work, the stem segments are mainly digitized for the 

visualization purpose, and in order to present a correct visualization, we have to ensure that all stem 

textures are accurately extracted from the main stems of tomato plants. Therefore we regard Ac to be 

more important than TPR, and we adjust the parameters in stem digitization to find a desirable  

trade-off between the two metrics by raising the Ac as high as possible while keeping the average TPR 

above 70%. 

However, it should be noted that in some applications such as robotic harvesting, TPR seems to be 

much more important than Ac. This is because a main stem should be recognized and located as an 

obstacle at the first place; otherwise the collision of the robot arm and the main stem may inflict a 

major damage to the crop and reduce future gain of fruits. In our stem digitization scheme, detection 

results with higher TPR can always be obtained by relaxing the constraints in the false detection 

removing step, at the expense of a lower Ac level. 

We are not able to compare the proposed scheme with other stem localization or detection 

approaches; this is mainly because we adopted a unique instrument—the Kinect—for this digitization. 

In addition, many state-of-the-art organ detection algorithms are evaluated on a pixel level  

(which is quite different from us), and their experiments have been carried out in various kinds of 

scenarios—e.g., indoor, outdoor, scenes with complex background, and scenes with shadows and 

specular reflections. Therefore, it does not necessarily mean our algorithm is superior to others even if 

we get the highest mark on the performance statistics reported. In this paragraph, we compare the 

detection performance in Table 2 with some quantitative results on plant organ detection or recognition 

provided in the related literature, only to show comparability, rather than superiority. Xiang et al. [46] 

obtained a total correct rate of 80.9% for detecting tomato fruits via a binocular stereo vision system. 

As their correct rate is defined similarly to the TPR metric, the performance of our stem detection 

method is comparable to their fruit detection because the TPRs reported by us are no less than 70%.  

In [17], the authors reported accuracies higher than 90% in classifying mature blueberry fruits at the 

pixel level, whereas our method can also yield Ac higher than 90% in detection results for the stems. 

In [16], stem detection results of grapevines in outdoor environment are given at the pixel level (no 

stem or branch segments were actually extracted) with average TPR of around 80% and total Ac at 

75.8%. We presented total accuracies at 98.4% and 94.5% for two types of tomato plants with TPRs 

higher than 72%, thus it seems our method is comparable. In [18], Bac et al. reported a high mean TPR 

of 91.5% for detecting leaf and petiole from pepper plants, but the mean TPR evaluated for stem is 

40.0%, subject to a dynamic environment. In [49], with the help of stereo vision techniques, Bac et al., 

reported stem detection results on greenhouse pepper plants at a TPR of 94% under moderate 

irradiance and a TPR of 74% under strong irradiance. As their stem detection system was designed for 

robotic harvesting, the algorithm is adjusted to reach a high TPR. By relaxing constraints in the false 

detection removal step, our stem detection scheme yields a comparable result on the cherry tomato 

variety with TPR around 85% and Ac higher than 80%. 
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4.3.2. Visualization Discussion 

Unlike routine plant visualization tasks, the goal of our visualization scheme is not to faithfully 

reconstruct a specific real tomato plant in 3D, but to generate a “general” virtual tomato plant that is 

capable of representing the average growth status of the whole population of plants in a greenhouse. 

Moreover, the visualized plants can exhibit various shapes and poses and are able to develop like a real 

life-form on our computers. Our visualization combines the merits from data-based reconstruction and 

the procedural generation of virtual plants to visualize two types of virtual tomato plants in 3D. In 

order to create accurate models of the tomato plants, parametric L-system theory is introduced for the 

two different types of tomato plants. The digitized organ textures are used to map and render the 

virtual plant models under L-system rules. The whole growth processes of the two types of tomato 

plants can be simulated respectively by exerting controls on the configurations of the age parameter. 

At last, randomness is added to the plant models to realize diversified structures and poses for the 

purpose of making the virtual tomato plants more “general”. It is very hard to provide quantitative 

results to judge whether the visualization is good or not, so we exhibit the naturalness of the structure 

of visualized plants by displaying them in various viewing angles (Figure 10), and by showing the 

visualized plants at different growth phases (Figures 11 and 12). 

4.3.3. Generality and Applicability 

Although the data acquisition is based on the Kinect, the proposed stem segmentation scheme is 

potentially capable to be utilized with various 3D imaging sensors or stereo-vision systems that have 

higher precision but are often more expensive. The proposed stem digitization method can also be 

applied to many other species of plants to extract texture samples, as long as they are potted. The 

detection results on a potted sweet-pepper plant (Capsicum annuum) and a potted Jerusalem cherry 

(Solanum pseudocapsicum L.) are shown in Figure 14, in which all the main stems are well detected 

and labeled. The “fat-thin-fat” assumption may not hold for the plant that grows along a vertical wire 

in some greenhouses, so the proposed scheme may fail. Nevertheless, in such a case we can separate 

the image of the whole plant into several parts along the direction of the wire and then try to capture 

the “fat-thin-fat” feature in each single part. And finally, the stem segments of the plant can be 

detected at several different heights. The core of our visualization is the procedural plant models—i.e., 

the two parametric L-systems. As the L-systems are summarized from real tomato plants, the proposed 

visualization scheme is currently only suitable for modeling and simulating tomato plants. Extension to 

other plant species requires procedural models summarized from individuals of those species in the 

real world. 

The Kinect captures a pair of color and depth images at a speed of 25 fps. The whole stem 

digitization scheme averagely costs about 130 ms to extract stems from a pair of images. The visualization 

speed for an individual tomato plant at any stage of growth is less than 40 ms, so the digitization  

and visualization approaches proposed in this paper are fast enough to be incorporated into a  

real-time application. 
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Figure 14. Results of the proposed stem detection scheme on images of a potted pepper 

plant and a potted Jerusalem cherry. In (a), two main stems of the pepper plant are  

covered by two detected blue segments, respectively, and (b) is the color image without 

background corresponding to (a). In (c), all three main stems are covered by detected stem 

segments; (d) is the color image without background corresponding to (c). 

4.3.4. Restrictions 

The Kinect used in the experiments is the version Kinect for XBOX360; it projects a pattern of 

infrared rays and then analyzes the reflected rays to compute depth from the scene. Reflection of direct 

infrared radiation from sunlight can seriously interfere with the receiver, so the Kinect has problems 

working in outdoor environments under direct sunlight. However, it has no difficulty working in 

shaded outdoor environments or on overcast/cloudy/rainy days, even at very high lux. This argument is 

supported by many experiments that can be searched online (e.g., YouTube). Concerning the usage of 

the Kinect in greenhouses, it should be pointed out that the environment of a modern greenhouse is not 

an outdoor-like environment. A modern greenhouse is equipped with shading screens to block 

excessive sunlight. When the shading screens are fully deployed, the greenhouse is completely shaded 

and the inside environment is similar to an indoor environment where the Kinect can work favorably. 

Therefore, because our method uses the Kinect, it can only work in a greenhouse under 

overcast/cloudy/rainy weather or on clear days with shading nets deployed. The stem digitization 

algorithm given in Section 3.2 is actually independent of the type of the 3-D sensor used because the 

algorithm only needs a pair of images—a color image and a depth image. So we can use many other  

3-D sensing devices to substitute for the Kinect—e.g., a ToF camera or a stereoscopic assembly with 
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two RGB cameras. Although finer depth masks can be obtained from these devices, the cost is usually 

higher than the Kinect. 

The Kinect for XBOX360 has limited ability to image thin structures. All the tomato crops used in 

our experiments were observed during a growth period of about 85 days, and the stem digitization 

algorithm was not applied on those crops until the stems were thick enough. So the data collection for 

the digitization experiments began after 40 days. In the growth visualization, the growth stage before 

40 days (the sprouting stage) was simulated because we do not have the needed digitized data from the 

Kinect for that stage. For example, the 3-D structures of the sprouting stage such as those seen in 

Figure 11a or Figure 12a were formed by backward extrapolation from the first digitized crop (around 

40 days) under L-system rules. The organ textures used to map the sprouting stage were scaled-down 

versions of some digitized textures from the next stage. This restriction may be reduced by using the 

Kinect 2.0 in the future. 

Currently we have no available greenhouse for our experiments, so we simulated the data collection 

environment in a room with large windows instead. The potted tomato plants used in the experiments 

were placed on a table next to a window that was always open, to make the scene bright. An important 

direction of our future endeavors is to test the proposed method in real greenhouse environments and 

enhance the digitization algorithm for real applications. 

5. Conclusions 

This paper is mainly concerned with digitization and visualization of potted greenhouse tomato 

plants in indoor environments, aiming at an ultimate goal of predicting and improving the output of 

controlled greenhouses. We hope this research may provide useful visual cues for improving 

intelligent greenhouse control systems and meanwhile may facilitate research on artificial organisms. 

In digitization, we addressed the problem of stem segmentation by first detecting possible stem 

segments from a Kinect sensor and then employing a histogram-based thresholding technique to 

validate those stem candidates so that false detections could be removed. In quantitative experiments, 

stems of cherry tomato plants were detected with a True Positive Rate (TPR) at 78.0% with accuracy 

(Ac) at 98.4%; whereas stems of ordinary tomato plants were detected with a TPR at 72.5% and 

accuracy of 94.5%. Leaf textures were digitized by carrying out color-based segmentation on selected 

leaves from observed plants. The organ texture samples were then saved in databases categorized by 

growth periods. 

The tomato plants created by the proposed visualization scheme can exhibit various shapes and 

poses and can grow and develop on our computers like a real plant. The goal of our visualization 

scheme is not to faithfully reconstruct a specific real tomato plant in 3D, but to generate a “general” 

virtual tomato plant that can summarize the growth conditions of the whole population of tomato 

plants in a greenhouse. This is because the shape, structure, and pose of an individual crop are 

insufficient to represent the average growth situation of the whole greenhouse, thus the precise 

reconstruction of an individual plant has very limited contribution in tracking and predicting the 

greenhouse production. Two parametric L-systems for the cherry tomato variety and the ordinary 

tomato variety are developed first in this paper to generate plant models. In visualization, a link is 

established between each symbol of the L-systems and a 3D entity—such as a leaf, stem, fruit, etc. 
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Real organ texture samples obtained in the proposed digitization scheme are used as entities to 

generate life-like tomato crops. By following the specific control instructions guided by the presented 

L-system models, all these entities are rotated, curved, moved, and are connected to each other to form 

a complete virtual tomato plant in 3D. 

The proposed methods have many advantages. First, the presented methods for digitization and 

visualization are inexpensive and effective. Second, the Kinect is invariant to illumination changes 

because the sensor does not rely on the ambient light, but the infrared light pattern it projected onto the 

scene during imaging. Even in a complete dark environment, the Kinect is able to acquire depth 

information with the same quality as in a bright environment. Third, the proposed stem segmentation 

scheme can be applied to other 3D imaging sensors or stereo-vision systems that have higher precision 

but are often more expensive, and the scheme is suitable for many other types of potted plants. Fourth, 

very life-like virtual tomato plants can be created by our methods. The texture data act as a bridge between 

our digitization and visualization because real textures from digitization are utilized in the mapping 

process to help create an L-system-based virtual plant that looks realistic. Finally, the speeds of stem 

extraction and plant visualization are both fast enough to be incorporated into real-time applications. 

In this paper, the proposed stem digitization approach is only tested on a small population of four 

samples. Therefore, we are planning to test it on more tomato plants in a real greenhouse environment 

for a comprehensive evaluation, and we are also interested in extracting more information such as 

global structural features and growth parameters in digitization. In order to guarantee desirable organ 

segmentation performance, our methodology currently only treats tomato plants cultivated in a pot, 

which restricts the application because many types of greenhouse crops are cultivated directly on the 

ground along a support wire. So in future work, we will emphasize digitizing the whole growth process 

of plants in a controlled greenhouse environment without constraints on the manner of cultivation. The 

growth of a plant is closely related to its ambient climate. The climate data inside the greenhouse such 

as temperature, humidity, accumulated light intensity, and CO2 concentration can be measured by 

distributed sensors. Different climatic patterns will lead to distinctive growth results even under similar 

nutritional conditions. Therefore, in future visualizations, we may consider the connection between 

crop growth and the greenhouse environment, and devise data-driven procedural plant models to 

simulate and predict plant growth under actual climate data. 
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