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Abstract 

 
Weed control is a significant cost for specialty crop producers, especially on organic farms. 

Agricultural operations are still largely dependent on hand weeding that is labour intensive 

and labour shortages and rising wages have led to a surge in food production costs. Thus, 

there is an inherent need to automate weed control and contain both labour costs and 

demands. Automatically distinguishing weeds from the crop plant is a complex problem since 

weeds come in a wide variety of colours, shapes, and sizes, and crop plant foliage is often 

overlapped with itself or occluded by the weeds.  Current technology   in commercial use, 

cannot reliably and effectively perform the differentiation task in such complex scenarios in 

real-time. As a solution to this problem, our team at the University of California, Davis has 

developed a novel concept called crop signalling, a technology to make crop plants machine 

readable and reliably distinguishable from weeds for automatic weed control. Four different 

techniques have been investigated and developed to make smart crop marking systems such 

as a) systemic markers, b) fluorescent proteins, c) plant labels and d) topical markers. Indoor 

experiments have been conducted for each method. Field experiments, using plant labels and 

the topical markers methods, have been successfully conducted for real-time weed control in 

tomato and lettuce. The results demonstrated that robots could automatically detect and 

distinguish 99.7% of the crop plants with no false positive errors in dense complex outdoor 

scenes with high weed densities. The crop/weed differentiation was thus effective, fast, 

reliable, and commercialisation of robotic weed control using the technique may be feasible. 
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Nomenclature 

Lc   Maize anthocyanin regulatory gene 

GPS   Global Positioning System 

RTK-GPS  Real Time Kinematics Global Positioning Systems 

NIR  Near Infrared 

CNNs  Convolutional Neural Networks 

DCNNs  Deep Convolutional Neural Networks 

GFP  Green Fluorescence Protein 

UV  Ultra-Violet 

PLA  Polylactic Acid 

DAT  Day of Treatment 

 

  
 

1. Introduction 

 
Weeds play a major role in limiting crop productivity. They reduce crop yields by 

competition for resources and/or inhibition from allelopathic compounds. The current level 

of crop productivity is not adequate to feed the projected growing population in the future 

(Issues, 2009). At present, weeds are largely managed in vegetable crops by the use of 

herbicides, mechanical cultivation, and manual weeding. To date US agriculture has been 

able to remain competitive because of an abundance of low-cost labour. A structural shift in 

the agricultural labour pool is underway, and fewer workers will be available to work in low-

skill, low-wage jobs in the future (Goodhue and Martin, 2014; Taylor et al., 2012). 

 

Weed control in vegetable crops typically does not depend on herbicides alone. 

Herbicides used in vegetable crops help suppress weeds, however, an integrated multi-tactic 

weed management system is required that includes cultural practices such as crop rotation 

and prevention of weed seed production, as well as physical control tools such as inter-row 

cultivation and hand weeding (Fennimore et al., 2014). Moreover, there are few selective 

herbicides for vegetables and those that are available were developed 40 to 50 years ago, 

control a limited number of weeds and there is little prospect for similar new herbicides. 

Since herbicide technologies alone are not adequate for the task, hand weeding, though 
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expensive, remains a necessary component of vegetable weed control. Vegetable producers 

are in need of an alternative to hand weeding. Robotic weed removal appears to be a 

promising option to improve crop productivity and to help producers fill the gap between 

future demand and production of food. 

 

There are a few commercially available robotic systems for mechanical intra-row weed 

control available in the US, such as the Robovator, manufactured by Frank Poulsen 

Engineering Aps., Denmark (Engineering, 2017), the Robocrop, developed by Tillett and 

Hague Technology Ltd., England (Tillett et al., 2008; and Hague Technology, 2017),  the IC-

Cultivator, manufactured by Machinefabriek Steketee, Netherlands (Steketee, 2017), the 

Remoweed, produced by Costruzioni Meccaniche Ferrari, Italy (Costruzioni Meccaniche, 

2017a), and the Scorpion, an automatic self-propelled hoe (inter row and inter plant) 

manufactured by Ferrari Costruzioni Meccaniche (Costruzioni Meccaniche, 2017b). 

Successful application of all these robots is dependent on the type of crop, spacing between 

crops, weed density, weed species, size of crop, etc. They are primarily suited for in-row 

crop spacing of about 150 - 300 mm, as well as between row spacings of more than 200 mm 

and when weeds are easily differentiable by their size relative to the size of crops or in a low 

weed density field, by relative position. These systems typically utilize machine vision 

techniques to differentiate crops from weeds. However, the current state-of-the-art 

technology cannot reliably distinguish crops from weeds under high weed densities. A 

recent survey of specialty crop producers in California and Arizona (Tourte and Siemens, 

2018) found that only 26% of early adopters of these commercial systems were very satisfied 

with their performance and that reliability, accuracy and crop damage were cited by 55%, 

48%, and 43% of respondents, respectively, as significant obstacles to current adoption on 

commercial farms. Research shows that they work well in low weed populations, but 

performance may be erratic and poor in fields with high weed populations. Our team at 

University of California Davis observed similar behaviour with the Robocrop (Farm 

Machinery Ltd, 2019) when used in lettuce farms (Fennimore et al., 2014). This robotic 

weeder utilises a rotating disc with cut-away section that is set to align with the crop plant 

and to remove in-row weeds. It reduced labour effort for hand weeding in lettuce field by 

27%. However, the inconsistent ability to differentiate crops and weeds resulted in damage 

to the crop in some trials. Slaughter et al. (2008) stated that distinguishing crops from 

weeds was the primary obstacle to the commercial development of intelligent weed control 

robots. Thus researchers have explored different techniques to differentiate crops and 

weeds, such as electromagnetic radiation (Davis et al., 1971) and GPS-based techniques 
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(P´erez-Ruiz et al., 2012). An electromagnetic radiation technique based on X-ray or 

gamma-ray has been utilised to classify crop vs. weed based upon the absorbance of 

electromagnetic radiation. The larger plants, assumed to be crops, absorb more radiation 

while smaller plants, assumed to be weeds, absorbed less. This method is computationally 

very fast but does not work where the crop plants are similar in size or smaller than the 

weeds. The concept was initially developed for lettuce harvesting by Lenker and Adrian 

(1971) and latter has been applied for weeding in tomato by Haff et al. (2011). 

 

There are many research articles in the literature on map based outdoor navigation 

using RTK-GPS (real time kinematics global positioning systems) (Aono et al., 1998;  

Sukkarieh et al., 1999). One technique is to use a RTK-GPS to map the position of 

seeds/seedlings during planting and create a crop plant map that can be used by a robotic 

system to automatically remove in-row weeds. The concept was originally adopted for weed 

management for agricultural applications by Upadhyaya et al. (2003, 2005) and others have 

validated the findings (Perez-Ruiz et al., 2012; Sun et al., 2010). However, it has been 

observed that RTK-GPS yields positional errors of several centimeters (Ohta et al., 2012). 

This approach is computationally fast but its high cost and inaccuracy may be a factor in its 

lack of commercialisation. Researchers and equipment manufacturers are in process of 

improving the accuracy and reducing the cost of RTK-GPS equipment with the goal of 

making this technique cost-competitive compared to other technologies.  

 

In recent years, machine vision has become one of the most promising and popular 

techniques in the field of automated weed control for real-time differentiation between crop 

plants and weeds (Raja et al., 2019a, b). In this technique, a machine uses a camera to 

automatically capture images to analyse and to extract key information based on the 

application. In a weed control application, images of plants are analysed based on their 

colour, shape, pattern and other visual features to locate the position of a target plant or to 

identify and differentiate between crop and weed. However, most of the research on weed 

control using machine vision involves a 2-D approach, where 2-D images of plants are 

captured and analysed based on colour, size, spatial pattern, etc. (Tillett et al., 2008). 

However, its current application is limited to the low to medium weed density field, where 

crop plants are not occluded, or crop size is not smaller than the weeds. (Slaughter et al., 

1999) show that the machine vision systems outperform RTK-GPS based guidance systems 

in terms of accuracy in fields with low to moderate weed densities. Wang et al. (2012) 

presented a machine vision algorithm to detect the main stem of tomato plants relative to a 
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red rope used to support the main stem. detection accuracy was found to be 93% in field 

trials. The 3-D machine vision approach to crop/weed classification offers potential to 

overcome many difficulties in 2D imaging by utilising much richer features that can be 

extracted from 3D data. The methodology such as four-light photometric stereo (Smith et 

al., 2018) and structured light based 3D reconstruction (Nguyen et al., 2015) have the ability 

to extract 3-D surface texture of whole plants. These offer potential for reliable classification 

of crop vs. weed even when sizes of the weeds are larger than the crops as long as some 

viewpoints provide access to each plant. Despite potential superiority in classifying crop and 

weed, the approach has not gained popularity due to its computational complexity and slow 

operation speed compared to a 2-D approach. 

 

Machine learning techniques have drawn significant attention to solve classification 

problems in many fields due to their robustness, reliability, repeatability etc (Chapelle et al., 

1999, Beteley et al., 2019, Raja et al., 2017, Raja et al., 2019c). These learning techniques 

have also been applied to classify crops vs. weeds (Milioto et al., 2017; Potena et al., 2016). 

Potena et al. (2016) tested crop and weed classification by applying two different 

convolutional neural networks (CNNs) to analyse the inputs from colour and near infrared 

(NIR) images. They achieved a classification accuracy of 96.1% in a low weed density field 

where weed and crop plants can be more easily isolated. Zhang et al. (Zhang and Slaughter, 

2011; Zhang et al., 2012a,b) demonstrated hyperspectral imaging models and machine 

learning techniques to establish a multispectral pattern classifier to differentiate crops from 

weeds in tomato fields, and achieved an accuracy of more than 90%. The technique was 

faster than shape-based pattern recognition techniques (Unay, 2006). Moreover, this 

method is capable of identifying closely related species in real- field applications. 

Researchers have published papers describing how supervised learning algorithms are used to 

classify crop species (Lottes et al., 2017). However, those methods require a dataset to train 

the network, and the multi-year seasonal stability of the training data is unproven in many 

cases. Lottes and Stachniss (2017) exploited a semi-supervised random forest technique 

combining geometric information for classification of weed and crop. The classification 

accuracy achieved was more than 95% in low weed density sugar beet fields in Germany and 

Switzerland. Haug et al. (2014) also used a random forest classifier to distinguish crops and 

weeds in a carrot field using colour and NIR images as inputs. The feature extraction and 

classification were performed on overlapping image patches and achieved an average 

classification accuracy of 93.8%. 
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A new method has been developed, called deep learning, that takes a raw image as the 

input and learns features along with classifier training all in one framework. Krizhevsky et al. 

(2012) show great results to classify objects using a deep neural network consisting of five 

convolutional layers. However, the performance of the network was degraded by removing 

only one convolutional layer. McCool et al. (2017) used deep convolution neural networks 

(DCNNs) to classify crop vs. weed resulting in high computational complexity. They 

enhanced the lightweight model and K-lightweight models and the performance reached an 

accuracy of 93.9%, which is comparably better than 85% of accuracy using the traditional 

DCNNs model. Limitations are that the accuracy and speed decreases severely when the 

scene is complex, as the model can only process images at 0.12 fps. Hall et al. (2015) pre-

trained a DCNN to extract some new features and combined them with traditional features 

such as shape and pixel statistics to classify leaves. The concept of a mixture of features 

significantly improved performance. But this approach has not been applied to the 

agricultural field due to its complicated architecture. It can be concluded that at high weed 

infestation levels, current machine learning techniques are not performing reliably well in 

these complex natural scenes. Hence, they are not yet reliable enough in a commercial 

setting for regular use by non-experts. 

 

In addition, many methods described above are not suitable for real-time application on a 

moving farm vehicle. Hence, the demand remains for having a reliable technique for weed 

control for various vegetable crop anatomies (rosette, upright, vine-like), independent of 

weed densities, size distributions, etc. It is necessary to develop reliable weed removal 

technologies for vegetables that can accurately and rapidly differentiate crop plants from 

weeds as well as automatically remove weeds without damaging the crop. A lack of an 

automated and robust crop vs. weed classification technique is the current roadblock to 

developing a fully automated robotic weeder. Thus, research progress in the development of 

new sensing technology to detect and differentiate crops and weeds is needed. 

 

To overcome the current technological barrier for reliable crop/weed detection and 

classification, a novel technique called crop signalling has been devised. Crop signalling is a 

method by which the crop plant can signal its identity to an automated machine, which can 

then automatically differentiate crops from weeds reliably and under complex natural 

conditions. The objective is to develop a highly reliable method to identify the crop so that a 

machine can determine where the crop is located and remove the surrounding weeds 

without harming the crops using an automatic precision sprayer or robotic weed knife. To 
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the best of our knowledge, this is the first report of using fluorescent markers for the 

purpose of detecting crop plants for robotic weed control. In this paper, four different 

techniques for crop signalling have been investigated including: a) systemic markers, b) 

fluorescent proteins, c) plant labels and d) topical markers. 

 

2. Proposed Crop Signalling Technique 

 
Crop signalling is a novel technique designed to create unique machine-readable crop 

plants for automated plant care. In this technique, crop plants are equipped with a 

signalling compound before or at planting. The signalling compound creates a unique 

optical signature that is reliably machine readable and ensures the accurate detection of the 

crop. To be effective and commercially viable, the development of the crop signalling 

technology must satisfy the following technological criteria. 

• The signalling material should be safe for agricultural use in food crops. 

• The signalling material should be unique and with sufficient signal strength to 

ensure detection in the field so that it is reliably readable by a machine during 

weeding operations. For optical compounds, photostability in outdoor 

environments over time is an important property of the material. 

• The application of the material to the crop plants/seeds must not harm the 

growth of the crop or reduce yields. 

• It should ensure minimum leakage of the applied material from crop plants to 

weeds and soil. 

• It should be cost effective to use on both seeds and transplants. 

Fluorescent markers have been identified as a viable crop signalling compounds that creates 

a machine-readable detection system that is unlike many other crops or weeds detection 

methods. Fluorescent markers are capable of producing a unique fluorescence 

characteristic. Fluorescence is the radiation of light by a material that has absorbed light. In 

other words, it is the emission of light by a substance that contains fluorophore molecules 

that re-emit light upon light excitation and has not been heated; it is thus a form of cold 

body radiation. Fluorescence occurs when an orbital electron of a molecule, or atom, relaxes 

to its ground state by emitting a photon from an excited singlet state (Lakowicz, 1988). The 

emitted light has a longer wavelength, and therefore lower energy, than the absorbed 

radiation. Fluorescent materials stop emitting light almost immediately with the 
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termination of the radiation source, unlike phosphorescent materials that continue to emit 

light for some time. Hence, the novel concept here is to apply these materials to the crop 

plants.  

There are several reports in the literature on the use of a fluorescent marker to detect 

crops for basic plant research, and ornamental purposes as a novel flower property (Byrd et 

al., 2002; Chin et al., 2018). Tamaoki  et al. (2006) and Harper et al. (1999) used  the green 

fluorescence protein (GFP), as a marker for monitoring genetically modified plants. Kalaji et 

al. (2018) used chlorophyll fluorescence as a tool for crop phenotyping and claimed that the 

fluorescence parameters are reliable bio-markers for screening the plants at the level of 

photosynthetic apparatus.  

 

Fluorescent crop signalling has the potential for no false positive errors (i.e., accidentally 

misidentifying a weed as a crop) if there is no natural compound in the scene that would 

auto-fluoresce under the same excitation source. Four example methods of crop signalling 

to differentiate crop vs. weed for vegetables are: systemic markers, fluorescent proteins, 

plant labels, and topical markers. All four approaches use fluorescence properties to 

distinguish crop plants from weeds. A detail description about each of these techniques 

follows. 

 

2.1. Systemic markers 

This method is for direct seeded crops such as snap bean where the signalling com- 

pound is applied to the crop through a seed coating shown in Fig. 1a or by  applying  the 

compound to the seedling plug shown in Fig.  1b.  In the process of seed coating, a fungicide 

is commonly used to protect the crop from fungus. The systemic signalling compounds are 

applied through the seed coat in a direct seeded crop or the seedling plug of a transplanted 

crop before planting. The material quantity, formulation and outer barrier on the seed 

pellet is designed to minimise the chances of loss of the signalling compound to the soil or 

weeds. During the growth of the seedlings, the systemic com- pound is absorbed by the 

seedlings and translocated to the foliage, which enables it to produce a unique optical signal 

that is readable by machines. Systemic markers can be used in precision agriculture through 

the identification of target plants. An experiment was conducted using lettuce transplants to 

demonstrate the technique. Romaine lettuce (Braveheart cultivar) seeds were planted in a 

traditional transplant flat. When the plants reached the 1st true leaf stage, the roots of 

plants were treated with liquid containing 60 ppm Rhodamine B for 96 h. After treatment, a 
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control (untreated) plant and treated plant were transplanted into pots. Images shown in 

Fig. 2 under daylight and the ultraviolet (UV) excitation light with a treated plant and a 

control seedling in each pot illustrate the crop signalling effect of the systemic marker.  

 

  
 

(a) a seed coating process (b) Celery seedling plug 

 
Fig. 1: (a) Process of applying crop signalling compounds to seeds, and (b) seedling 

plugs treated with signalling compounds. 

 

  
 

(a) daylight (b) excitation light 

 
Fig. 2: Example of systemic markers for crop signalling. Each of the three pots contain 

two lettuce plants each, a nontreated control plant on the bottom, and a systemic marker 

treated plant on the top. The image in (a) is viewed under daylight and (b) is with UV 

excitation light for the crop signalling fluorochrome. 

 

Under excitation light, the fluorochrome in the treated plant emits the bright reddish-

orange light, which is easily detected using machine vision and the appearance is very distinct 

from nontreated plants, which appear dark violet under UV light. 
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2.2. Crop Signalling in transgenic plants 

 

The green fluorescent protein (GFP) is a protein that emits bright green fluorescence 

when exposed to light under the range of blue to UV (Prendergast and Mann, 1978). In 

cellular and molecular biology research, the GFP protein or GFP gene expressing is 

regularly used as a marker that researchers attach to a regulatory sequence of another gene of 

interest in bacteria, cell culture, animals or plants (Chalfie et al., 1994; Phillips, 2001). It 

confers the characteristics of being easily identified and quantified. GFP is often used as a 

marker indicating successful transformation of the target organism. In an experiment 

conducted by Pray (2008), the concept of expressing fluorescence proteins by 

agrobacterium transformation with GFP infiltrated into Nicotiana benthamiana plants, 

when viewed under 470 nm (blue) excitation light shown in Fig. 3a. The experiment was 

conducted at UC Davis. The bright green regions show the parts of plant leaves infiltrated by 

agrobacterium with the fluorochrome, which is easily detected when viewed under the 

excitation light. The thresholded image of Fig. 3a is shown in Fig. 3b. 

 

  
 

(a) (b) 

 
Fig. 3: (a) Image of plant expressing green fluorescent proteins infiltrated into N. 

benthamiana leaf regions when viewed under 470 nm (blue) excitation lighting and, (b) 

extracted bright green regions of the leaves with fluorochrome. 

 

 As an alternative to GFP, Goldsbrough et al. (1996) demonstrated the use of the Lc 

maize anthocyanin regulatory gene for study of transposon biology in tomato. The Lc gene 

is involved in the expression of anthocyanins in vegetative tissues and may result in a deep 

purple coloured foliage in tomato grown in sunlight. As a proof of concept Yoder et al. (1988) 

at UC Davis, developed a transgenic purple tomato plant by introducing the maize 

anthocyanin regulatory Lc gene. The transgenic purple tomato plants are another 

example of a biologically produced crop signal that could help solve the crop vs. weed 
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identification problem. An experiment was conducted at UC Davis using the technique of 

Yoder to create transgenic purple tomato plants shown in Fig. 4 and Fig. 5. Utilising colour 

alone for distinguishing crop plants from weeds provide a number of advantages from an 

image processing perspective. The use of distinct purple tomato plants could reduce the time 

required for some of the pre-processing steps such as erosion, dilation, shrinking, and deletion 

of the isolated points since there is no need to extract morphological features. 

 

 
 

Fig. 4: Transgenic purple tomato plants growing in a research field at the University of 

California, Davis research farm in Davis, CA, USA. 

 

Another significant advantage is that performance would not be as affected by partial 

occlusion of plant leaves. As long as the colour is sufficiently unique, there are no concerns 

about extracting shape features from partially overlapped plant leaves. 

 

Figures 5a and 5c show colour images for purple and control tomato plants with weeds 

and overlapped foliage, respectively. A colour-based image analysis can be performed for 

both the images to classify weeds and crop plants. In this example, a weed is growing 

underneath a tomato plant, and they are segmented as one binary object shown in Fig. 5d. 

Since the tomato plant has advanced beyond the cotyledon stage, it is more difficult to 

recognise due to the complexity of the shape. Whereas for the purple tomato plants, they are 

segmented as two objects shown in Fig. 5b. 

 

2.1. Plant labels 
 

The concept of a plant label is to provide a unique machine-readable physical marker that 

identifies where the crop plant is located. There are many types of plant labels available in 

the market made of plastic, wood, or metal with different shapes and sizes. Plant labels/ma- 
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(a) (b) 
 

(c) (d) 

 
Fig. 5: Example scene showing recognition problems when plants overlap in natural 

scenes and how the crop signalling concept can create a machine-readable crop plant. 

(a) Purple tomato seedling overlapped with a weed, (b) weed (red) and crop (green) 

recognised for the purple tomato image, (c) control tomato seedling overlapped with a 

weed, (d) weed and crop both recognised as weeds (Lee, 1998). 

 

rkers should be biodegradable, inexpensive and allow a machine to easily read them. To be 

effective as markers, two important factors need to be considered: a) the size of the marker 

should be large enough to be visible when overlapped with crop plants and weeds, b) the 

signalling compound should be machine readable in real-time from a moving platform. A 

low-cost method of creating crop signalling plant labels was created by using biodegradable 

beverage straws made from polylactic acid (PLA) or maize-based plastic. Maize-based 

plastic straws of 241 mm length (model EP-ST910, Eco-Products, Boulder, CO, USA) were 

selected as plant labels for tomato and lettuce field trials. The straws were painted with two 

different fluorescent signalling compounds to evaluate their outdoor visibility and 

performance. One set of straws was painted with fluorescent green striping paint (model 

M1800, 17 oz. Athletic Field Striping Paint, RustOleum, Vernon Hills, IL, USA) and another 
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set of straws was painted with fluorescent orange striping paint. These paints are available 

in several different colours and are commonly used to mark grass in athletic fields or soil 

in construction applications. Light excitation frequencies range from UV through the visible 

spectrum. 

 

Crop marking with a plant label occurs at planting. In this example, transplanted lettuce 

and tomato plants were evaluated to test rosette and upright plant types. The use of 

transplants means that the plant label is first placed into each cell of the empty transplant 

flat. Each cell of the flat is then filled with the potting soil after the straw placement in each 

cell and the vegetable seed is then added to the flat. Once the vegetable plants are at the 

correct size for transplanting as shown in Fig. 6, the roots will have enveloped the end of the 

straw. Planting was done using a standard vegetable transplanter shown in Fig. 7a. Figure 

7b shows the tomato field after transplanting the plants with the labels. 

 

Fig. 6: Image of vegetable seedlings with fluorescent plant labels in the tray prior to 

transplanting. 

 

A multi-view imaging system was setup to allow estimating the location of the plant label 

under high weed density conditions especially when the plant label is not visible from top due to 

occlusion occurred by crop plants or weeds. Two sets of three mirrors were mounted on the left 

and right sides of the chamber, where each set had three 150× 100 mm mirrors positioned to 

allow six different view angles surrounding the target plant (Fig.  8a).  The plant location can be 

calculated from the geometric appearance of the plant label in the mirror images. The top view of 

the crop plants augmented with six mirror images of different sides of the plants were captured 

three weeks after transplanting under white light illumination and UV excitation light 

illumination, shown in Fig. 8a and 8b, respectively. The fluorochrome in the crop signalling 

compound under the excitation lights have a distinct appearance and is easily detectable by 

performing simple colour image processing steps. 
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(a) (b) 

 
Fig. 7: (a) Tomato seedlings with plant labels attached to each seedling in trays on a 

transplanter during planting and (b) the tomato field after planting. 

 
 

 

(a) (b) 

 
Fig. 8: The image of the transplanted tomato plants with straws shown in Fig. 7b was 

captured electronically three weeks after transplanting using the multi-view imaging 

system under (a) white light illumination and (b) the UV light illumination. 

 

Similarly, an experiment was setup with plants label in a lettuce field with a dense weed 

population. A picture of a weedy field of lettuce with marked straws three weeks after 

planting is shown in Fig. 9a and a closeup picture of a lettuce plant with a straw marked 

with green colour in a dense weedy field where the lettuce was occluded by various sizes, 

shapes and colours of weeds is shown in Fig. 9b. The occlusion resistant multi-view imaging 

system created at UC Davis to excite the fluorochrome in the crop signalling compound and 
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a computer vision algorithm was able to detect the straws and determine the precise 

locations of the base of the straws in real-time for the weed-knife application to control 

weeds. Experiments were conducted in 9 different trials having a total 3482 straws, out of 

which 3405 straws were successfully detected. Because of the unique appearance of the crop  

(a)  (b)                                      

 
Fig. 9: Image of a weedy lettuce field with a plant label for each lettuce plant. (a) An 

overview picture showing the high weed density weedy in the field of marked lettuce and 

(b) a closeup picture of an occluded lettuce plant with the crop signalling plant label at 

the centre. 

 
signalling material under excitation light, the method was able to detect and locate the 

marked straws with an accuracy of 97.8% in a weedy field. 

 
2.2. Topical markers 

 

Another technique for crop signalling, called topical markers, was created to reduce the 

cost of material used for plant labels, and save time by applying the crop signalling 

compound at transplanting in one step. In this process, the signalling compound is applied 

directly to a part of the seedling (stem/foliage). 

 

Applying markers to the stem/foliage of crop plants from a moving vehicle while 

transplanting requires the use of a real-time actuation system. To apply the topical crop 

signalling compound in one step during planting, a standard row crop transplanter (model 

1600, Holland Transplanter Co., Holland MI, USA) was modified to carry a paint delivery 

system that allowed precise targeting of the crop signalling material onto the crop seedlings. 

An absolute encoder (12-bit grey code, ARS 20 Sick Stegmann, Inc., OH, USA) was added to 
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the shaft of the planting wheel to monitor the position of the planting arms in real-time. The 

absolute encoder was connected to a ruggedized, real- time, embedded controller 

(cRIO9004, National Instruments, Austin, TX, USA). The controller interpreted the 

encoder values and when the sensor position indicated that the plant was released into the 

spraying area the controller energized two electric solenoids to actuate the spray valve of the 

painting system as shown in Fig. 10. A detailed description of the painting system can be 

found in Vuong et al. (2017). 

 

 

 
Fig. 10: An image showing the automatic crop signalling spraying system activated 

during a transplanting operation for tomato. 

 

The topical marking method is applicable to all types of transplanted vegetables. In this 

study, transplanted tomato was selected as an example crop for automatic, in-field 

application of the crop signalling material. 

 

2.4.1 Topical markers for tomato 

 For robotic mechanical weed control, the centres or main stems of the crop plants need 

to be located. Thus, in this case, the crop signalling application system applied the crop 

signal to the stems of the tomato plants in real-time during transplanting. For proof of 

concept, the chosen signalling compound was a water-based latex fluorescent paint 

designed to be safely applied to turf-grass (Rust-Oleum model AF1600, 17 oz. Athletic Field 
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Striping Paint, RPM International Inc., Vernon Hills, IL, USA). A picture of the field on the 

day of transplanting under daylight is shown in Fig. 11a. The automated application of the 

crop signalling material was considered successful if the compound was applied to more 

than 250 mm of the tomato plant stem and none of the upper leaves were covered in paint, 

as seen in Fig. 11a. The crop signalling sensor used UV light to excite the crop signalling 

compound, shown in Fig. 11b taken 3-weeks after transplanting.  

 

Three experiments were performed, having 633 crop plants in total, where six rows of 

tomato crops were treated at the University of California, Davis campus farm. The 

automated crop signalling application system allowed the machine vision crop signalling 

sensor to detect the tomato plants with about 98-100% accuracy and no false positives. In 

the first two trials, the detection accuracy achieved was 100%. In the third trial, 306 out of 

312 crop plants were detected (98.1% accuracy). The error was caused by occlusion which 

prevented any of the light from the treated portion of the stem, regardless of its wavelength, 

from reaching the camera. Another error was when the signalling material was accidentally 

not applied to crop plants. The machine vision crop signalling sensor failed to recognise the 

tomato plant because the crop signal was missing. 

 

(a) (b) 

 
Fig. 11:  Image of tomato plants with the crop signalling marker from Fig. 10 after 

transplanting (a) under day light, and (b) four weeks after transplanting. Under 

excitation light the stem is visible with an orange emission signal. 

 
2.4.2 Topical markers for lettuce 

An outdoor experiment was conducted in Salinas, CA to observe the performance of 

topical crop signalling markers designed for use on athletic grass fields and in theatrical 

applications under natural daylight. An automatic spray system was developed and used to 
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apply the signalling compound on the foliage of seedlings with rosette plant architecture 

prior to transplanting. Figure 12 shows examples of three applied topical makers on lettuce 

plants when viewed under white light and UV excitation light respectively. The materials 

selected were water-based synthetic polymer based paints that are designed to be safe for 

use on grass and non-toxic to humans (e.g., Athletic Field Paint, Seymour of Sycamore Inc., 

Sycamore, IL, USA or, Wildfire Visible Luminescent Paint, Wildfire Inc., Venice, CA, USA). 

The materials were very effective in creating a unique optical signal that readily 

distinguished the lettuce plants from weeds, withstood general weathering and maintained 

its fluorescent properties in sunlight for the first few weeks of the season when weed control 

is critical. 

 
 

(a) (b) (c) 

 
Fig. 12: Images of lettuce plants with (a) blue, (b) orange, and (c) pink topical markers, 

viewed under daylight (top row) and fluorochrome excitation light (bottom row). 

  

The success of the topical marker crop signalling application on foliage depends on the 

application system to safely deliver the signalling compound to the foliage so that   it 

produces a sufficient signal strength to provide crop/weed discrimination without adversely 

affecting photosynthesis. If a large amount of material is used on the leaves of rosette plants, 

as in Fig. 12, then the paint blocks sunlight to the leaf and it slows plant growth. When less 

paint, is used as in Fig. 13, then the painted leaves continue to grow after treatment. So, for 

rosette plants where the foliage is marked by the compound, a careful balance must be taken 

to apply a sufficient quantity for detection without excess that slows growth. In this 
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optimized version, the lettuce leaves that are marked continue to grow after treatment.  

 

A field experiment was conducted in Salinas, CA, USA for crop/weed recognition in a 

field with painted romaine lettuce. Two imaging chambers was setup to capture a top view 

of plants, one under white light illumination (Fig. 14a) and another under UV light 

illumination (Fig. 14b). The white light image was used to detect all green plants and the UV 

light image is used to detect the fluorescent marker which is only on crop plants. A 

computer vision algorithm was developed to analyse these two images to distinguish crop 

plants from weeds. The algorithm was able to reliably distinguish the painted crop plants 

from weeds in real-time and create the high spatial resolution crop and weed plant map 

shown in Fig. 14c. 

 

 

Fig. 13: Image of a Romaine lettuce plant with optimally painted leaves to allow 

continued leaf growth after treatment. 

 

In the study, an experiment was conducted collecting 165 different image pairs 

containing 260 crop plants and 1,593 weeds. The crop detection accuracy was measured at 

99.7% and, 98.1% of sprayable weeds were detected with a processing time of 1.2 s per 

image pair. Sprayable weeds are those that can be safely be sprayed without harming crop 

plants. In general, the amount of the crop signalling material applied is limited to enable 

crop plants to grow normally and avoid the problem of residue on the harvested plant. It 

was safe to apply these types of topical markers because, the material is not translocated 
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into the crop plant. In the case of upright plants, it was applied to the stem at planting and 

away from the edible part of the plant. In rosette leafy greens, the material was applied to 

the 1st and 2nd true leaves, which desiccate as the crop grows and thus are not part of the 

harvested part of the plant. The marking process did not affect the growing process of 

lettuce as shown in Fig. 15a. At harvest the crop marking was only on desiccated leaves 

shown in Fig. 15b and no residue was found on the harvested crop plants shown in Fig. 15c. 

 

   
 

(a) (b) (c) 

 
Fig. 14: Images of a Romaine lettuce plant marked with orange fluorescent paint 

growing in a weedy vegetable field taken under (a) white light illumination image and 

(b) excitation light illumination image and (c) precision weed and crop mapping created 

by the robot where red colour indicates lettuce foliage and green colour indicates 

weeds. 

 

 
 

(a) (b) (c) 

 
Fig. 15: Images of a Romaine lettuce plant at harvest. The plants 1st and 2nd true 

leaves were treated with the crop signalling compound prior to planting. (a) Plant 

growing in the lettuce field, ready for harvest, (b) the crop marker is visible on 

unharvested, desiccated 1st and 2nd true leaves after harvest, and (c) harvested plant 

that contains no marking compound. 



21 
 

 

3. Performance of Photobleaching on Crop Signalling Compound 

 
Two experiments were conducted to investigate the stability of fluorescence emission level 

and spectral composition over time under field conditions. The first experiment was 

conducted with peach tree hardwood cuttings to analyse the effect of photobleaching on 

marker compounds in field conditions under ambient sunlight. Two weeks after 

transplanting, peach tree cuttings were painted with four water-based coloured marking 

compounds (Rust-Oleum model M1800 water-based marking paint, RPM International Inc., 

Vernon Hills, IL, USA) which included fluorescent versions of blue, orange, pink, and 

reddish orange colours at a commercial tree nursery in Yuba City, CA, USA.  

 

A light-tight imaging chamber principally comprising a high-resolution digital colour 

camera (Model D200 equipped with a 50-mm lens, Nikon Corporation, Chiyoda, Japan), a 

high efficiency UV LED (405 nm light-emitting diode, model LZ4-40UB00- 00U7, 10 Watt, 

LED Engin Inc., San Jose, CA, USA) equipped with a LED lighting reflector (Model C10437 

Boomerang Hexagonal, Ledil Oy, Finland) mounted below the camera, and a colour 

reference standard (including four 25.4 mm squares in blue, orange, pink, and reddish 

orange colours) was built for in-field image data acquisition. Figure 16 shows photographs 

of marked tree cuttings on the day of treatment (DAT) of the crop marking field trial.  

 

  
 

(a) (b) 
 

(c) (d) 

 
Fig. 16: Images of marked hardwood peach cuttings on the day of treatment. 

 

Images were captured of six tree cuttings per paint colour at 14, 28, 42, and 56 DAT. 
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There were rain events in the period of 14-42 DAT. An open-source image analysis software 

(ImageJ, U. S. National Institutes of Health, Bethesda, MD, USA) was used to calculate the 

declined in paint visibility over time. For the images of blue painted tree cuttings, only the 

blue image channel was considered for intensity measure. Similarly, for the images of 

orange, pink, and reddish orange painted tree cuttings, red plus green, red plus blue, and 

red plus green plus blue channels were used. Figure 17 shows the ratio of four coloured 

paints visibility to the reference standard over time. A visibility of 100% implies the colour 

reference standard. The experimental results show that this crop signal lasted more than 30 

d under natural outdoor conditions of a farm in Yuba City, CA, USA in the winter. 

 

 
 
 

Fig. 17: Photobleaching of fluorescent crop signalling material over time. Crop 

signalling material was applied 14 d after transplanting. 

 

The second experiment was conducted using tomato plants to evaluate the photo 

stability performance of signalling compounds over time in Davis, CA during the spring. 

Images were captured of two colours (orange and green) of the fluorescent crop signalling 

material (Rust-Oleum model AF1600, 17 oz. Athletic Field Striping Paint, RPM Inter- 

national Inc., Vernon Hills, IL, USA) under UV illumination at 3, 7, 11, 15,  19 days  after 

transplanting for 10 different tomato plants.  Image analysis software (ImageJ, US National 

Institutes of Health, Bethesda, Maryland, USA) was used to analyse photo- bleaching effects 

over time. Figure 18a and 18b show the average hue distribution over time for ten different 

orange painted tomato plants, and ten different green painted lettuce plants over time 

respectively. The hue distribution of the signal was consistent for the green material over 

time but a shift from orange to yellow was observed for the orange material over time. No 
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significant shift in hue was observed for the green version of the material, thus it was 

preferred for machine recognition due to its superior photostability. 

 
 

 
 

(a) 

 

(b) 

 
Fig. 18: Comparison of the change in hue distribution of the fluorescent emission of the 

crop signalling material for (a) orange painted tomato plants and (b) green painted 

tomato plants over time. 

 

4. Conclusions 

 

A novel concept called crop signalling has been developed that creates a machine-

readable signal on the crop plants at planting for use in a systems approach for 

subsequent automated on-farm plant care tasks. The fluorescence crop signalling 

material was used that excite fluorochrome under excitation lights in the treated plants 

and easily detectable by machine vision algorithm. This method allows a machine 

vision system to accurately identify and classify crops from weeds in vegetable fields 

where weeds are dense, and crop views are heavily occluded by weeds. Four different 

methods of crop signalling were successfully implemented and presented. The first 

method is systemic markers, where seeds are coated with signalling compound or a 
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transplanted crop where the seedling plugs are treated at 1st true leaf stage prior to 

transplanting. In the second method, the concept of expressing a fluorescence gene by 

agrobacterium transformation into plants has been created, which excites under 

excitation lights or make plants different colour, which is easily distinguishable from 

weeds. The field experiments to distinguish crops from weeds for automatic weed 

control by systematic makers and transgenic approach is still remain as future work. In 

the third method, plant labels marked with fluorescence signalling compounds that are 

placed with the crop plants at transplanting in the field. The fourth technique uses 

topical markers in which the signalling compounds are applied directly to the 

stem/foliage of crop plants before transplanting. In-field trials showed very promising 

results for plant labels and topical markers to classify weed/crop in automatic weed 

control process. The methods have very low false positive error rates and the 

classification accuracy achieved for plant labels and topical markers techniques are 

100%, and 99.7%, respectively. The crop signalling technique appeared to be cost 

effective and efficient in creating a reliable method for automatic detection of crop 

plants in vegetable fields with high weed densities and could help to eliminate one of 

the remaining technological barriers to the development of a fully automated weed 

control robots.  
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