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1 INTRODUCTION 

 

In 1978, Udink ten Cate et al. (1978) envisioned some of the potential applications for 

computer-driven automation systems in commercial greenhouse production. They 

outlined a hierarchical model system which would take into account not only 

environmental conditions inside a greenhouse, but also their reflected responses in the 

cultivated plants on both short and long-term. The system was to be regulated on three 

levels: 1 greenhouse microclimate (physical environmental parameters), 2 short-term 

plant growth (biochemical processes in plant tissue), and 3 long-term crop development 

(economic profit maximization). Actions on the first two levels were considered to 

cascade down to the second and third levels, contributing to overall production 

efficiency. Control over these levels was hypothesized to be achievable through 

automated control methods driven by mathematical models. Furthermore, to support 

decision-making while adjusting the components of the system, three complementary 

approaches were formulated: conducting direct measurements on plant growth and 

adjusting the control system accordingly (the “speaking plant” approach), preventing 

extreme changes to environmental parameters in climate control, and a purely grower-

directed model, in which adjustments are made manually based on the best available 

knowledge on cultivation practices  (Udink ten Cate et al. 1978).  

When examining the state of modern greenhouse control systems today, it seems 

obvious that many aspects of this vision have indeed realized and become integral 

elements of commercially viable greenhouse production. Massive quantities of data on 

numerous complex variables such as air flow, temperature and relative humidity 

dynamics, illumination conditions, growth medium parameters, and their interrelated 

connections inside and outside the growth environment are continuously and 

simultaneously stored on a digital database. The stored data is processed and analysed 

using advanced greenhouse climate simulation models such as KASPRO (de Zwart 1996) 

to predict dynamic fluctuations of the prevailing conditions based on thermodynamic 

principles, after which commands are directed to a wide range of physical actuators, 

which manipulate the system in order to facilitate optimal plant growth. These 

parameters may be further tweaked by the grower to prioritize e.g., production energy 

efficiency and economic viability (van Beveren et al. 2015). A review of advancements 
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in greenhouse climate simulation models is presented in a work by López-Cruz et al. 

(2018). 

Despite their remarkable capabilities and evident usefulness, currently utilized 

greenhouse simulation models suffer from certain drawbacks. While they have certainly 

enabled greenhouse production to reach impressive levels of performance, they have 

done so by implementing increasingly larger numbers of parameters and higher 

demands on computational processing power. For example, a widely used tomato 

growth simulation model TOMGRO (v3.0) estimates/predicts crop biomass 

accumulation based on 574 state variables and several equations borrowed from physics 

and plant biochemistry (Kenig and Jones 1997). Logically, this complexification stems 

from the fact that mathematical simulation models require extensive prior knowledge 

on the target system in order to perform accurately (Kim et al. 2017). Their performance 

is therefore dependent on how much relevant real-time information can be extracted 

from the system and used in further refining the model’s performance. Currently utilized 

sensor technologies can provide data on various climatic and growth medium 

parameters with great accuracy and resolution, and pre-determined assumptions on 

aspects related to crop growth and development can provide the model sufficient data 

for enabling economically viable production. However, an important category of 

parameters that the greenhouse simulation models still lack, are the objectively 

measured values on the true states of specific physiological and morphological 

attributes of the cultivated plants. Naturally, these attributes contribute to overall crop 

production efficiency and could therefore be utilized in further improving the 

performance of the control systems (Ehret et al. 2011). 

Notions of a similar conundrum were present also in the previously described concept 

by Udink ten Cate et al. (1978). Control over the components in their model necessitated 

the need to observe or measure their true states – an essential element for establishing 

a feedback-control loop mechanism in a system. At the time, the custom of automated 

adjustment of environmental parameters inside a greenhouse was already becoming an 

increasingly common practice. Conversely, measuring attributes related to plant growth 

(as was formulated in the “speaking plant”-approach) was considered infeasible by any 

means of non-destructive technological solution. This left the task of observing these 

parameters – and interpreting how to utilize that information in control system 
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adjustments – more or less to the hands of the grower (Udink ten Cate et al. 1978). 

Despite increasingly higher levels of sophisticated automation in modern greenhouse 

production systems of today, this task is still mostly performed manually by the 

greenhouse workers.  

During recent decades, tremendous amounts of research efforts have been dedicated 

in developing direct, non-destructive methods for assessing various morphological and 

physiological characteristics in living plants. A prominent example of these methods can 

be found in the scientific study of plant phenomics, which encompasses the systematic 

quantification and analysis of anatomical, ontogenetic, physiological and biochemical 

traits in living plants through a wide range of data acquisition and processing techniques 

(Walter et al. 2015). Many of these techniques involve digital imaging devices and 

computer-driven image processing algorithms which are used in acquiring, processing 

and analysing large quantities of image-based data in a high-throughput manner. These 

same principles – which are utilized to screen various agronomical traits in breeding 

trials – could be translated into useful applications in a farming environment (Roitsch et 

al. 2019). This thesis aims to examine the applications of these techniques and explore 

their potential use in monitoring various aspects of crop productivity in controlled 

environment agriculture (CEA) production systems. To emulate conditions similar to 

those in commercial production in practice, a rudimentary growth chamber embedded 

with automated environmental control system and a multispectral imaging platform 

was designed, constructed and tested. The system was deployed in a simple botanical 

experiment, in which sweet basil plants (O. basilicum) were subjected to water-deficit 

stress, control of environmental growth parameters was automated, and multispectral 

images were captured in a time-lapse format under purely artificial illumination 

conditions. Afterwards, the acquired image-based dataset was processed and analysed 

to determine what type of useful information could be extracted and utilized for crop 

monitoring purposes. 
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2 LITERATURE REVIEW 

 

2.1 Crop monitoring in commercial greenhouse production 

 

Visual inspection and assessment of external characteristics of the cultivated plants can 

be useful tools in detecting and preventing problems during the production cycle which 

might compromise plant health and consequently, final crop quality and quantity. This 

monitoring practice is typically based on direct, visual observations or device-assisted 

measurements of certain morphological and physiological attributes of plants, which 

may be interpreted to reflect the general productivity of the crops. Based on the 

observations, the grower may take action accordingly in e.g., administering plant 

protective control measures or steering the environmental conditions to more suitable 

ranges in the climate control system.  

 

2.1.1 Visual assessment of plant morphology and physiology 

 

Morphological attributes characterize the general architecture of the plant, which – 

depending on the plant species – involves features such as leaf/fruit size and number, 

stem thickness or presence of inflorescences. These features give indication on the age, 

growth rate, biomass accumulation and balance of the vegetative and generative status 

of the plant. On the other hand, physiological attributes consist of more minute details 

in the plant tissue: leaf/fruit colour, presence of pests/disease infestations or localized 

nutrient deficiency symptoms reflect the “internal” state of the plant. They indicate the 

performance of biochemical processes such as photosynthetic capability, transpiration 

rate, source-sink ratio and nutritional status within the plant tissue.  

Manually conducted observation can be quite laborious and may take considerable 

amount of time, even on a relatively small area of crops. Despite being conducted by a 

person with botanical expertise, there is still a chance that the observations turn out to 

be inconsistent from day to day due to subjectivity of human-conducted assessment. 

This might result in inconclusive interpretations in a form of administering erroneously 

calculated adjustments to the climate control system and in the worst-case scenario, 

losses in yield quantity and quality. The skill to analyse and interpret multiple 
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morphological and physiological parameters in regard to optimizing plant productivity 

is often based on the growers’ intuition and tacit knowledge, meaning so-called “silent” 

information on practical expertise. Such knowledge builds on previous practical 

experience of the grower, may require years of training to master, and may be 

challenging to formalize into written text and pass on from person to person as concrete 

management practices, not to mention transforming it into usable parameters in 

greenhouse control systems. 

 

2.1.2 Device-assisted assessment 

 

In addition to purely manual assessment procedures, there is a growing selection of 

devices available on the market which enable growers, plant researchers and plant 

breeders to extract various types of data from their crops. Certain devices are more 

suitable for research purposes, whereas others have been designed for more general 

applications in plant production. The device types described here are categorized into 

mobile devices and stationary devices. 

 

Mobile devices 

Hand-held, mobile devices can be utilized to acquire precise, accurate measurements 

on certain physiological attributes in plant tissues in a non-destructive manner. These 

devices are typically quick-and-easy to use devices which utilize proximal (close to the 

target of interest) sensing techniques in acquiring measurable values for physiological 

attributes in plant tissue. Examples of some of the most commonly used hand-held 

devices include optical sensor devices SPAD-502 (Minolta Camera Co., Osaka, Japan), 

Dualex (FORCE-A, Orsay, France) and atLeaf+ (FT Green LLC, Wilmington, DE, USA). 

These devices utilize optical reflectance/absorptance properties of epidermal plant 

tissue in approximating concentrations of chlorophylls and/or other pigment molecules. 

They are suitable for a wide range of plant species and have been utilized extensively in 

assessing e.g. crop nitrogen status in plant biology research, and could also be integrated 

into commercial production (de Souza et al. 2019).   
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Mobile devices are relatively easy to use and are quite general in terms of applicability, 

which makes them suitable for multiple types of production systems. However, while 

these devices certainly provide some important insights into the physiological status of 

the crop, they are designed to operate merely on the level of a single leaf of an individual 

plant, meaning that the acquired data is very highly localized and may not be easily 

generalized to represent larger number of plants. Due to their low-throughput capability 

and relatively high price range, these technologies may appear unattractive to most 

growers and thus far, have mostly been utilized only for research purposes. 

 

Stationary devices 

In contrast to mobile devices, stationary devices are intended to monitor plants for 

longer time periods by logging data on periodic intervals. They can provide information 

on the temporal changes of various physiological or morphological attributes, and 

manage to tackle some of the throughput-limitations which mobile devices face: they 

can be used to extract data on multiple plants simultaneously, and then aim to 

generalize the information to represent larger areas within the canopy. Stationary 

devices developed by 2GROW (2GROW B.V., Destelbergen, Belgium) utilize proximal 

displacement sensors in determining leaf and stem thickness (PhytoClip), and sap flow 

sensors in measuring the flow of sap and nutrients (PhytoStem) in living plant stems. 

They have been designed for bulkier plant species such as tomato and cucumber but can 

be adapted to smaller plants as well. Representing a more indirect approach, Helmer et 

al. (2005) introduced CropAssist, an automated monitoring system developed at the 

Pacific Agri-Food Research Centre (PARC) of Agriculture and Agri-Food Canada. The 

system consists of sets of load cells combined with data-analytics in measuring temporal 

changes in weight of the growth medium and plant canopy, and is capable of monitoring 

11 physiological parameters of tomato growth and water use on entire rows of plants.  

Compared to mobile devices, stationary devices are capable of achieving higher levels 

of throughput and offer better options in terms of integration into automated control 

systems. They are more general in terms of applicability and could potentially be 

adapted to multiple types of cultivation systems. However, similarly as with mobile 

devices, these applications might be considered too specific the purposes of a typical 

grower and too expensive to be adapted into commercial greenhouse production. 
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2.2 Image-based plant phenotyping 

 

Plant phenomics is a highly multi-disciplinary field of research which has enabled 

researchers to study immensely complex and multifaceted genetical and biological 

interactions in plants with unprecedented efficiency and accuracy. Image-based plant 

phenotyping is a tool utilized in plant phenomics which encompasses the objective 

quantification of the various important traits expressed in living plants through a wide 

range of image-based sensing technologies, including RGB-imaging, multi- and 

hyperspectral imaging, and 3D-mapping, among others. 

 

2.2.1 Data acquisition 

 

Data acquisition strategies 

Data acquisition in plant phenotyping takes places in facilities which are utilized by 

universities and commercial plant breeders. These facilities range from controlled 

climate rooms and greenhouses to semi-controlled field systems and larger 

collaborative networks of international field experiments (Rosenqvist et al. 2019). They 

incorporate multiple sensing technologies which possess different characteristics in 

terms of depth scale (resolution, accuracy) and processivity (throughput, number of 

plants imaged over time) (Tripodi et al. 2018). The most favourable data acquisition 

setup is defined by the context of study and therefore, multiple different approaches 

may be taken (Tripodi et al. 2018). For example, when studying the performance of 

individual plants, plant organs or even cellular reactions within a specific location of 

plant tissue, resolution and accuracy may be considered important factors, and depth 

scale is often favoured over processivity. Conversely, when assessing larger areas of 

canopy in e.g., field conditions, higher throughput capability is usually given more value. 

When integrated into controlled environments such as a growth chambers or 

greenhouses, image-based phenotyping platforms can be adapted to observe 

phenotypical changes in plants on multiple scales and levels of spatial and temporal 

resolution (Khanna et al. 2019). Moreover, as the size and cost of electronic components 

have drastically reduced over the years, diverse sets of imaging platform arrays have 

been mounted on autonomous and mobile platforms such as aerial (Bauer et al. 2019) 
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or ground vehicles (Ghosal et al. 2018) to provide even further flexibility in terms of data 

acquisition. As a consequence, the data acquisition systems can be more easily 

transported to the plants (i.e. to the site where studies are conducted), rather than the 

plants being transported to the phenotyping facilities (Roitsch et al. 2019). 

 

Data acquisition techniques 

Some of the most commonly utilized methods for image-based plant phenotyping are 

RGB-imaging and multi- and hyperspectral imaging (Perez-Sanz et al. 2017) (working 

principles and examples from botanical studies of these techniques are presented later 

in higher detail in sections 2.3.2 and 2.3.3). These techniques may be further 

supplemented with other advanced 2D-imaging techniques such as chlorophyll 

fluorescence (Bånkestad and Wik 2016) or thermal infrared imaging (Raza et al. 2015) 

to further increase the contextual resolution of the subject of study. Furthermore, three-

dimensional (3D) mapping techniques such as stereovision (Khanna et al. 2019), light 

detection and ranging (LiDAR) (Panjvani et al. 2019) or time-of-flight (ToF) 

measurements (Mahlein et al. 2017) can be utilized to provide a third, spatial depth 

dimension to the data, allowing for e.g. highly accurate digital model reconstructions of 

the imaged scene.  

 

2.2.2 Computer-driven image processing and analysis 

 

After an image-based dataset has been acquired, it needs to be transformed and refined 

into more useful formats in a sensible manner before subjecting it to more in-depth 

analysis. For humans, it comes intuitively easy to be able to tell what a given image 

represents, but for computers to achieve the same it’s a whole lot more challenging. A 

powerful method to extract meaningful information from image-based data has been 

the use of advanced image processing techniques which fall under the categories of 

machine vision and computer vision. These terms are sometimes used interchangeably, 

but generally speaking they are both highly multidisciplinary fields of science which 

incorporate digital imaging techniques embedded with powerful computer-driven 

algorithms in acquiring image-based data and transforming it into formats which can be 

objectively quantified and analysed, often entirely without human supervision. 
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Successful and efficient implementation of digital image analysis incorporates several 

steps, which include varying degrees of pre-processing, segmentation, feature 

extraction and classification procedures. Pre-processing aims to organize raw digital 

data into a more concise and useful format by enhancing important objects or regions 

of an image (Mochida et al. 2018). In practice, this usually means the accentuation of 

specific areas of an image based on some computed attribute such as specific shape, 

texture, gradient or colour (Singh et al. 2016). Pre-processing facilitates the next step, in 

which specific areas of the image may be segmented into categories covering relevant 

regions of interest, or ROIs (e.g. plant tissue pixels), or other non-useful regions which 

may be considered irrelevant in terms of subsequent data analysis (background pixels 

covering soil, pots, tags etc.). Next, these ROIs may be further classified into distinct 

components representing various morphological shapes such as leaves, fruits, stems, 

roots or other meaningful plant organ classes. Finally, in order to assess and quantify 

the contents of the original image, the data of these segmented classes is typically 

transformed into formats which may be more easily subjected to statistical analysis or 

other form of objective measurement. The organization and emphasis of these steps is 

case-specific and – depending on the scenario – may include e.g., image transformation, 

pixel separation and pattern recognition techniques, which may be further enhanced 

with modern machine learning algorithms (Mochida et al. 2018).  

 

2.2.3 International cooperation and data management 

 

Through extensive collaboration efforts, researchers have been able to conduct multi-

site, multi-regional experiments on increasingly larger scales in order to gain a deeper 

understanding e.g., on the impact of climate change on plant performance in multiple 

regions around the globe (Rosenqvist et al. 2019). These efforts include nationally 

funded infrastructures such as APPF (Australian Plant Phenotyping Facility) in Australia, 

DPPN (German Plant Phenotyping Network) in Germany, PHENOME in France and 

similar, but more loosely coordinated initiatives emerged in UK, Belgium, Finland, 

Denmark, US, Canada, Brazil and Argentina. The need for further integration and 

collaboration has stemmed regional infrastructures such as EPPN (European Plant 

Phenotyping Network) in Europe, NAPPN (Nord American Plant Phenotyping Network) 
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in USA and LatPPN in Latin America, forming even larger collaborative phenotyping 

organizations. Another yet more ambitious project in terms of international 

collaboration in the EU region is the EMPHASIS (European Infrastructure for Multiscale 

Plant Phenotyping and Simulation for Food Security in a Changing Climate), which has 

contributed to supporting funding projects on regional and national levels, developing 

national phenotyping infrastructure roadmaps and supported the establishment of new 

national plant phenotyping initiatives in various countries. Globally, several of these 

initiatives have collaborated under an even larger network, the International Plant 

Phenotyping Network, (IPPN) which today consists of nearly 40 collaborative plant 

phenotyping organizations (Pieruschka and Schurr 2019).  

Along with forming these vast international organizations, the academic phenotyping 

community has strived for facilitating and enhancing the sharing of insights between its 

members. A prime example of such an effort in coordinated data management practices 

is the FAIR-principle, which aims for the integration and organization of data into 

Findable, Available, Identifiable, Reusable formats (Pieruschka and Schurr 2019). 

Another important undertaking for data standardization is the Minimal Information 

about Plant Phenotyping Experiment, or MIAPPE-initiative, which aims to contribute to 

future efforts in coordinating and managing big-data-related challenges (Rosenqvist et 

al. 2019). 

 

2.3 Spectral imaging-based analysis of plants 

 

2.3.1 Spectral properties of plant tissue 

 

Spectral response analysis of plant tissue has been considered one of the most useful 

approaches in high-throughput phenotyping (Tripodi et al. 2018). As concisely 

formulated in a literature review by Mahlein et al. (2018), the “optical properties of 

leaves are characterized by light transmission through a leaf, light that is absorbed by 

leaf chemicals (e.g. pigments, water, sugars, lignin, and amino acids), and light reflected 

from internal leaf structures or directly reflected from the leaf surface due to the waxy 

cuticle and the cell wall”. These principles can be utilized to determine a wide range of 

structural and chemical characteristics in plant tissue, enabling non-destructive 
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assessment of e.g. water or nutrient content, photosynthetic activity, presence of biotic 

or abiotic stress, and other physiological attributes (Tripodi et al. 2018).  

 

2.3.2 RGB-imaging 

 

Working principle 

RGB-cameras record spectral information on the visible spectrum by utilizing an optical 

sensor chip consisting of a two-dimensional array of light-sensitive photodiodes which 

convert light into electronic current. The photodiode array is covered by a grid of 

interlaced optical filter matrices organised in a so-called Bayer-pattern, resulting in a 

mosaic structure referred to as a colour filter array (CFA) (Figure 1A). Each colour filter 

matrix of the CFA transmits light only at specific regions of the electromagnetic spectrum 

(typically between 400 – 700 nanometres), therefore determining the type of spectral 

information recorded by the corresponding array of photodiodes located below. It is 

worth emphasizing that photodiodes themselves are not capable of differentiating 

between colours. Instead, when light hits an individual photodiode, an electrical current 

is generated which is interpreted as a numerical intensity value. In 8-bit colour format, 

these values range from 0 (black, no light) to 255 (white, intense light). The X and Y 

location of the photodiode in the sensor chip determines the row and column of the 

recorded intensity value. Therefore, raw data recorded by a complete array of 

photodiodes is essentially a table of numbers, which can be represented as a simple 

monochromatic black and white image (Figure 1B). When referring to the data captured 

in each of these monochromatic images, terms “spectral band” or “spectral channel” 

are commonly used. 
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Figure 1. How a typical RGB-camera captures spectral information in different regions of the 

electromagnetic spectrum and composes a digital image. A: Incoming light is focused on the 

optical sensor chip of the camera. Before reaching the sensor, the light is filtered by a mosaic of 

optical filters referred to as a colour filter array or CFA. CFAs in RGB-cameras consist of three (R-

, G-, and B-) filter matrices which transmit light on the visible spectrum between 400 – 700 nm. 

Note the partial spectral overlap between these channels (spectral response curves displayed 

here: Sony IMX219-optical sensor). B: Light that reaches the photodiode arrays below generates 

electronic currents, which are recorded as tables of numerical values that can be represented 

as greyscale images. C: A digital image is displayed on a monitor by superimposing layers of R-, 

G- and B-spectral channels and merging their colour intensity values together into RGB-pixels. 
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RGB-cameras incorporate three channels with peak spectral sensitivities located around 

625 – 740 nm, 495 – 570 nm and 450 – 495 nm wavelengths, respectively, which closely 

correspond to the spectral sensitivities of the L-, M- and S-cone cells (long, medium and 

short wavelengths) in the eyes of most humans. The human visual system perceives 

these wavelengths as the three primary colours red, green and blue (Lukac 2009), hence 

the name, RGB-camera. A noteworthy point is that these channels are termed “broad-

spectrum” channels, meaning that their spectral sensitivities span relatively wide ranges 

of electromagnetic spectra that partially overlap between each other (also in a similar 

manner to human cone cells). When viewing the data captured on these channels using 

a digital display monitor, the recorded intensity values from R-, G- and B-channels for 

each X (row) and Y (column) location of the image are merged together into RGB-triplet 

pixels using demosaicing and additive colour mixing algorithms, finally yielding a digital 

raster image that aims to correspond to human perception of colours as closely as 

possible (Figure 1C). The colour balance of the displayed RGB-image is dependent on the 

ratio of the intensity values of the R-, G- and B-channels (Lukac 2009). 

 

Colour balance and exposure 

In order to produce an image which captures and renders the colours of the original 

scene accurately, RGB-cameras need to apply a certain degree of supplementary image 

processing during image capture. To achieve this, a feature referred to as auto white 

balance (AWB) is utilized. AWB algorithms apply colour corrections into the image based 

on the dynamic detection of the colour temperature of the ambient light (Lukac 2009). 

Typically, AWB algorithms follow a two-stage process, in which the overall illumination 

of the scene is first estimated, and then the relative spectral response sensitivities 

(termed “gain settings”) of the individual colour channels are adjusted to match the 

colour balance of the original scene. Usually only the red and blue channels are adjusted, 

and the green channel is left unchanged (Lukac 2009). 

The challenge in achieving accurate colour balance and exposure is that the perceived 

illumination conditions of the scene may drastically change based on where the camera 

is being pointed to. In situations where accurate colour rendition is not the main priority, 

AWB can be a useful feature. However, when capturing time-lapse sequences consisting 

of several hundreds or thousands of images, constant exposure and colour rendition 
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between the captured images is crucial. In such situations the AWB-feature of the 

camera should be disabled and instead, the gain settings of individual channels are 

adjusted manually.  

 

Applications  

Combined with computer vision and data processing techniques, RGB-imaging has been 

proven as a versatile addition to methods in acquiring data for many types of attributes 

in plants. It has been utilized in e.g. characterising biotic and abiotic stress symptoms 

(D.Pujari et al. 2016, Naik et al. 2017, Ghosal et al. 2018, Askey et al. 2019), measuring 

and predicting yield quantities (Cheng et al. 2017, Qureshi et al. 2017), assessing 

morphological features such as root/shoot architecture (Pound et al. 2017), and mutant 

classification or age regression (Ubbens and Stavness 2017).  

 

2.3.3 Multi- and hyperspectral imaging 

 

Whereas conventional RGB-imaging sensors utilize three channels which cover a region 

of electromagnetic spectrum that closely corresponds to human vision, spectral imaging 

techniques make use of a much wider range of channels, enabling simultaneous capture 

of several visible and non-visible spectrums of electromagnetic radiation. The recorded 

information consists of layers of data captured on multiple regions of electromagnetic 

spectrum from the imaged subject. These files are arranged into multi-layered image 

stacks represented as three-dimensional “data-cubes”, where row X and column Y 

represent the normal two-dimensional spatial axes, while the third dimension Z consists 

of layers of spectral data captured in different wavelengths (Tan et al. 2019). In general 

terms, spectral imaging techniques can be subdivided into two distinctive categories 

depending on the level of spectral resolution they are capable of capturing: 

multispectral imaging and hyperspectral imaging.  

 

Multispectral imaging 

Cameras specialized in multispectral imaging (MSI) typically capture spectral data in a 

very similar fashion to RGB-cameras. The CFAs embedded in MSI-cameras may be 

tailored to filter incoming light in different regions of the electromagnetic spectrum 
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compared to RGB-cameras, and arrays of additional optical filters and multiple imaging 

sensors may be utilized to allow higher degrees of control over the captured spectral 

information. Modern MSI-cameras can be manufactured to capture data on 3 – 25 

channels between the visible and near-infrared (NIR) regions of electromagnetic 

spectrum (Perez-Sanz et al. 2017). However, similarly as with sensors in RGB-cameras, 

the spectral response sensitivity of these channels can be quite broad, and they also may 

overlap between each other. This “contamination” of spectral information means that 

capturing data from specific, narrow wavelength regions is not possible (Tripodi et al. 

2018). In terms of assessing biochemical properties, MSI may not be suitable for 

measuring absolute quantities in plant tissue, but can still be used to give a more general 

indication in relation to the surrounding vegetation. 

Despite this rather restrictive feature, MSI can be paired with modern machine or 

computer vision techniques in order to pick up specific cues related to various chemical 

features in plant tissue. These cues can give indication e.g. on the presence of certain 

abiotic stresses such as nitrogen content deficiency in tomato (Lima et al. 2020), salinity 

and ammonium nitrate stress in A. thaliana and E. sativa (Beisel et al. 2018) or root 

water stress in pakchoi (Guo et al. 2017). They are also useful in detecting biotic stresses 

such as powdery mildew and TSWV (tomato spotted wilt virus) disease in sweet pepper 

(Schor et al. 2017), among others. Moreover, MSI combined with computer vision can 

be harnessed to accelerate the characterization and quantification of multiple types of 

morphological features in plants. Such an approach has been demonstrated in 

estimating important agronomic traits, including growth rate and biomass in sweet basil 

(Bånkestad and Wik 2016), leaf area and leaf expansion rate in lettuce and A. thaliana 

(Valle et al. 2017), and yield quantity in lettuce (Bauer et al. 2019), cotton (Haghverdi et 

al. 2018) and corn (Khanal et al. 2018). 

 

Hyperspectral imaging 

Compared to RGB- and MSI-cameras, hyperspectral imaging (HSI) cameras are much 

more complex in their structure and functionality. They typically utilize a spectrometer 

in splitting incoming light, thus enabling data capture on several hundreds of individual 

narrow channels (down to a resolution of 1 nm per channel) and avoiding the spectral 

overlap-issue in RGB- and MSI-cameras discussed earlier. Modern HSI-cameras may be 
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manufactured to record data on various combinations of the visible range (VIS) at 400 – 

700 nm, near-infrared range (NIR) at 700 – 1000 nm, and the shortwave infrared range 

(SWIR) at 1000 – 2500 nm of the electromagnetic spectrum (Mahlein et al. 2018). A 

recent study demonstrated the extension of the reach of hyperspectral imaging all the 

way down to regions of ultraviolet (UV) radiation between 200 – 380 nm (Brugger et al. 

2019).  

The superior spectral resolution of HSI-cameras provides drastically more information 

about the imaged subject compared to RGB-imaging and MSI and can therefore be 

utilized to examine plants in much higher detail. Especially when combined with 

supplementary data sampling methods and advanced data processing techniques such 

as modern machine learning algorithms, data extracted from HSI-data-cubes has the 

potential to yield impressive levels of insights into plant physiology and biochemistry. 

For example, Wang et al. (2020) were able to accurately determine nitrogen content in 

tea plant leaves by first capturing HSI-data in field conditions in varying degrees of 

fertilizer treatments, and then measuring the absolute concentrations using laboratory 

equipment. Similarly, Fu et al. (2019) demonstrated the possibility to measure 

photosynthetic capacity in tobacco plants based on leaf reflectance and leaf gas 

exchange data. Ge et al. (2016) coupled RGB-imaging with HSI to estimate the temporal 

dynamics of plant biomass, water use and leaf water content, and verified them using 

destructive measurements in corn.  

Similarly, ML can be utilized in detecting trait-specific spectral signatures and more 

importantly, determining the specific wavelengths for multiple types of biotic and 

abiotic stresses in plants. Using such an approach, these trait-specific wavelengths have 

been determined for example for Botrytis cinerea-infections in tomato (Kong et al. 

2014), salt stress (Moghimi et al. 2018) and water stress in wheat (Mondal et al. 2019), 

charcoal rot infection in soybean (Nagasubramanian et al. 2019) and anthracnose 

disease in tea plants (Yuan et al. 2019). These wavelengths could be easily adapted into 

developing camera systems which can detect trait-specific symptoms in plants with 

remarkable accuracy by concentrating only on the most relevant portions of their 

reflectance/absorptance properties.  
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2.4 Spectral vegetation indices 

 

In remote sensing context, the previously described imaging techniques can be utilized 

to characterize various attributes from green vegetation through mathematical 

formulae referred to as spectral vegetation indices (VIs). VIs exploit the spectral 

reflectance response properties of the target surface (typically large areas of live plant 

canopies) through 2-dimensional imagery data, and have been commonly utilized in 

assessing ecological conditions in geographical mapping and monitoring general crop 

health in outdoor farming systems. An extensive review of some of the most commonly 

utilized VIs and their applications in botanical studies is presented in a work by Xue and 

Su (2017). 

 

2.4.1 Normalized difference vegetation index (NDVI)  

 

Normalized difference vegetation index (NDVI) is a widely used VI which originated from 

satellite imagery studies aiming to characterize phenological changes in natural 

vegetation systems (Rouse et al. 1974). NDVI facilitates the discrimination between 

photosynthetic plant pixels and soil pixels in a digital image, and enables the assessment 

of chlorophyll activity in plant tissue (Dworak et al. 2013). NDVI utilizes spectral 

information on the visible (VIS, usually either blue or red) light and near infrared light 

(NIR) spectra in a following equation:  

𝑁𝐷𝑉𝐼 =
𝑁𝐼𝑅 − 𝑉𝐼𝑆

𝑁𝐼𝑅 + 𝑉𝐼𝑆
,                                                        (1) 

in which 

NIR = reflectance at the near-infrared spectrum, typically between 800 – 1100 nm 

VIS = reflectance at the visual spectrum, matching chlorophyll a or b absorbance 

wavelengths around blue (~450 nm) or red (~660 nm) light 

NDVI represents the normalized ratio between the differences of the two reflectance 

spectra and yields scale values ranging between -1 and +1. Values above 0 indicate 

photosynthetic plant pixels, whereas values between 0 and -1 indicate non-vegetative 

pixels. Furthermore, values closer to +1 indicate higher chlorophyll absorbance and 

photosynthetic activity (thus lower reflectance) than those closer to 0. The index value 
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can therefore be understood to reflect general plant health, and has been commonly 

used as proxy for assessing photosynthetically active biomass (Rouse et al. 1974).  

Once a VI-image has been generated, it is typically visualized in its raw digital format by 

a monochromatic image in which all of its pixels are represented by floating-point (a 

non-integer number) intensity values. As such, this type of data may be readily utilized 

in subsequent computer-driven analyses, but to facilitate human-based assessment, the 

relative spatial differences within VI-data can be more easily visualized by applying a 

lookup table (LUT) to the raw NDVI-image (Figure 2). A LUT is essentially a pre-

determined colourmap-gradient that substitutes colours of each pixel within an image 

with a more intuitive colour based on its original pixel intensity value, resulting in a false 

colour image. 

 

 
Figure 2. Lookup tables are a common method to visualize VI-data and can be useful in 

emphasizing relative spatial differences within an image.  

 

2.4.2 NDVI data acquisition with a single optical sensor 

 

Typically, the data required to produce NDVI-images is acquired using a (multi-/hyper-) 

spectral imaging device in which reflectance datapoints are captured into individual 

image files containing the spectral information on VIS and NIR wavelengths. In 

commercial multispectral imaging systems, this is usually implemented through two 

distinctly different approaches: 1) separate optical sensors embedded with 

corresponding optical bandpass filters allow simultaneous image capture on multiple 
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spectral regions (e.g. RedEdge-M multispectral camera by Micasense Company, Seattle, 

WA, USA), or 2) a single optical sensor is equipped with an optical filter switching-system 

(i.e. a filter wheel) that flips a corresponding optical filter in front of the imaging sensor 

before each sequential image capture (e.g. SpectroCam-multispectral wheel camera by 

Ocean Insight, Orlando, FL, USA). 

However, it is also possible to modify a single optical sensor to allow simultaneous 

capture of VIS and NIR spectral data by allocating them into separate spectral channels. 

Dworak et al. (2013) demonstrated such a system by incorporating an optical low- and 

bandpass-filters into an inexpensive RGB-camera with its internal IR-cut filter removed, 

and implemented custom image capturing settings to facilitate pixel-wise NDVI-

calculations. In their design, VIS-data (red light) was allocated to the red channel and 

NIR-data to the blue channel of the camera. Beisel et al. (2018) implemented a very 

similar camera design and demonstrated the feasibility of early detection of abiotic 

stress symptoms through NDVI in purely artificial lighting conditions. 
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3 RESEARCH OBJECTIVES 

 

This thesis describes the design, development and testing of a simple plant phenotyping 

system based on a Raspberry Pi single-board computer. The final construction was 

intended to function as a testbed which enables one to carry out simple botanical 

experiments with small-sized plants (such as potted herbs, lettuce and other leafy 

greens) in a controlled setting, and monitor their growth and development in a non-

destructive manner. To meet these objectives, the goal of this study was outlined into 

three separate subgoals: 

1 Design and assemble a growth chamber system embedded with an artificial 

lighting system and a multispectral imaging platform. The system should be able 

to perform the following tasks simultaneously: A) maintain important growth 

parameters (air temperature, relative humidity) within desired ranges, and B) 

control the illumination conditions to emulate a simple day/night-cycle and to 

facilitate controlled image capture. 

2 Develop methodologies for acquiring and processing digital image-based 

datasets on the growth and development of living plants. Dataset acquisition was 

performed through automated image capture, whereas a computer-driven 

image processing pipeline was utilized in extracting morphological and 

physiological data from the acquired dataset, and transforming the information 

into formats which could be subjected to statistical analysis.  

3 Test the system’s performance in a simple experimental setting. The growth 

conditions were monitored and controlled by the environmental control system, 

while the developed methodologies for dataset acquisition and processing were 

utilized in producing and analysing a dataset on three batches of sweet basil 

plants (Ocimum basilicum) divided into two groups: drought-stressed plants 

(“dry”, n = 12) and their respective control plants (“wet”, n = 12).  

Afterwards, the system’s performance was evaluated based on the accuracy of the 

growth chamber environmental control parameters, and robustness of the data 

acquisition and processing methodologies. Attributes extracted from the image-

datasets were subjected to statistical analysis to assess their suitability in quantifying 

morphological and physiological characteristics from the imaged plants.  
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4 MATERIALS AND METHODS 
 

4.1 System design and construction 

 

The experimental stage of this thesis was carried out using a self-constructed system 

which included a growth chamber integrated with an artificial illumination system and 

a multispectral image capturing platform. The system was constructed from commonly 

accessible materials, which means that a similar setup could be assembled with some 

basic knowledge on woodworking, soldering, electronics and computer programming. 

The following section gives an overview on the selection of hardware components and 

describes their working principles. 

 

4.1.1 Raspberry Pi 

 

Automation, monitoring and control of the system was built around a Raspberry Pi 4B+ 

computer (Raspberry Pi Foundation, Cambridge, United Kingdom), hereafter referred to 

as RPi. RPi is an inexpensive and small-sized (85x56x11 mm) single-board computer with 

an open-source, Linux-based operating system which has been used extensively in 

various types of consumer-use physical computing and IoT applications (Figure 3, left).  

 

 
Figure 3. Left: the system was built around a Raspberry Pi-single board computer version 4B+. 

Right: fully assembled enclosure structure with connected peripherals. 
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The fourth model of RPi (used in this system) features a 64-bit processor, up to 8GB of 

RAM, WiFi, Bluetooth, Gigabit ethernet, CSI-camera/display ports, and several other 

connections for common consumer-grade peripherals such as monitors, mouse, 

keyboard etc. In addition to standard peripherals, a wide range of hobbyist-level 

electronic components can be connected to RPi via the 40-pin GPIO-header, which 

makes it an extremely versatile platform for exploring and prototyping different 

electronic applications in a cost-effective manner.  

 

Node-RED 

The software interface responsible for controlling the connected peripherals and 

electronic components was designed using Node-RED (Node-RED version 1.1, OpenJS 

Foundation, San Francisco, CA, USA), which is a JavaScript-based, visual programming 

tool on RPi systems. Node-RED allows for the development of easy-to-use, flow-based 

programming interfaces for IoT-applications. In this project, Node-RED and its web 

browser-based submodule Node-RED Dashboard were utilized in creating an interface 

for accessing, controlling and visualising the data generated by various inputs and 

outputs of the system (Figure 4).  

 

 

Figure 4. System information displayed in Node-RED Dashboard: 24-hour history of accumulated 

sensor data (left) and system status parameters and a recently captured image (right). 
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4.1.2 Growth chamber structure 

 

A semi-enclosed chamber was constructed to facilitate plant growth and controlled 

image capture during the experiment. The frame of the chamber was constructed from 

steel extrusion beams and was fitted with hardboard panels for walls, floor and ceiling, 

resulting in a cube-shaped structure with dimensions of 1x1x1 meters. Four threaded 

metal hooks were mounted to the ceiling to provide a rigid support structure for the 

LED-panels (description later). The inner surfaces of the chamber were painted matte 

black to minimize reflections which might cause disturbances during image capture. 

Eight holes were drilled into the walls of the chamber (four on top and four on bottom) 

as inlets and outlets to allow air movement. Additionally, two rectangular openings were 

machined into the front and left side walls as a front access window and setting up wires 

for the electronic components, respectively. A transparent plastic sheet was placed over 

the access window. An overview of the finished system including the connected 

peripherals is presented in Figure 3 (right). 

 

4.1.3 Environmental control system 

 

Simultaneous regulation of air temperature and relative humidity inside the chamber 

was implemented with a set of readily available peripherals and electronic components 

controlled by a digital interface designed in Node-RED. All devices (apart from the 

humidifier unit) were controlled via a relay board (MMP-0293 PiOT-relay evaluation 

board, MODMYPI Ltd., Tunbridge Wells, Kent, United Kingdom) connected to the RPi. 

Although not fully implemented, digital control over the system facilitated the possibility 

to program an automated emergency shutdown switch in case of a critical error (e.g., a 

short-circuit in some of the electronic devices resulting the chamber to catch fire). This 

feature would shut down all electronic components and notify the user via an e-mail if 

the temperature inside the chamber was to reach an abnormally high threshold value.  

 

Environmental sensors 

A selection of digital sensors was used to continuously monitor various physical 

parameters inside the chamber (Figure 5, left): air temperature and relative humidity 



30 
 

 

were monitored using a DHT22-sensor (Adafruit Industries LLC, New York, NY, USA), 

whereas CO2-concentration was monitored using a T-110-sensor (ELT Sensor Corp, 

Bucheon, Gyeonggido, South Korea). These sensors were utilized in achieving the 

following objectives: recording historical data for the experiments and providing 

feedback information for the environmental control system. For datalogging purposes, 

sensor readings were taken in 15-minute intervals and updated to a spreadsheet-file 

saved in the internal storage of the RPi. For environmental control purposes, readings 

were taken in one-minute intervals and used as feedback information for regulating 

various physical actuators (see next paragraph) inside the chamber in a similar fashion 

to PID (proportional–integral–derivative) control-loop systems commonly utilized in 

industrial automation applications. These actuators were responsible for maintaining 

the growth conditions within desired setpoint value ranges. Despite monitoring the CO2-

concentration inside the chamber, no supplementary actuators were used to regulate 

its concentration in this experiment.  

 

Physical actuators 

During daytime, significant amounts of heat energy radiated from the pair of aluminium 

heatsinks of the LED-panel (described later) into the surrounding air inside the chamber. 

A circulation fan mixed the air inside and mitigated the formation of vertical 

temperature and humidity gradients. Based on the temperature data received from the 

sensors, four 12V DC-powered computer case fans in the upper portion of the chamber 

were programmed to be automatically switch on if the temperature rose above a 

specified temperature setpoint, and switch off when that setpoint was reached. The fan-

forced airflow caused a negative air pressure to form inside the chamber, resulting in an 

air pressure difference between inside and outside the chamber. This pressure 

difference was replenished by cool outside air flowing into the chamber via the bottom 

part through-holes of the chamber, resulting in a cooling effect. This ventilation cycle 

continued until a desired temperature range was reached. 

To maintain a desired relative humidity level inside the chamber, a consumer-grade 

ultrasonic humidifier (Ströme SPS-913C, unknown manufacturer) was used. However, 

due to technical limitations, the humidifier unit had to be set to operate independently 

from the rest of the environmental control system, as it monitored the ambient relative 
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humidity through its own separate hygrometer sensor module. As a workaround 

solution, the humidifier had to undergo slight modifications (Figure 5, right): the cable 

connected to the humidifier’s hygrometer module was extended to allow the module to 

be positioned beside the humidity sensor connected to the RPi to get as similar readings 

as possible (Figure 5, left). Extending the cable also made it possible to position the 

humidifier unit outside the chamber, causing it not to obstruct the imaging area. The 

evaporated mist was directed inside the chamber by splitting the flow into multiple 

outlets using a plastic bottle and plastic tubing. These tubes were then connected to the 

bottom corners of the chamber, allowing for even mist distribution inside.  

 

 

Figure 5. Left: environmental sensors installed inside the chamber - CO2-sensor (yellow), 

temperature/humidity sensor (blue) and external humidifier unit hygrometer (red) with 

extended cable. Right: humidifier unit modifications - evaporated mist flow was split and 

redirected into the chamber using plastic tubing. 

 

4.1.4 Illumination system 

 

LED-panel 

A custom-made illumination system mounted on the ceiling of the chamber served two 

purposes: to provide sufficient lighting for plant photosynthesis and controlled image 

capture. The system consisted of arrays of monochromatic blue, red and near-infrared 

(NIR) LEDs, with their peak wavelengths measured at 453, 637 and 843 nm, respectively 

with an Ocean Optics HR4000-spectrometer (Ocean Insight, Orlando, FL, USA). The peak 
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wavelengths and relative spectral power distributions of these channels are displayed in 

Figure 6. Power supply for each channel was routed through a RPi-controlled relay board 

so that they could be digitally switched on or off according to a user-specified program. 

 

 

Figure 6. Normalized spectral power distributions of the blue, red and NIR channels of the LED 

panel, with their peak wavelengths measured at 453, 637 and 843 nm, respectively.  

 

Programmed illumination modes 

Digital control over the individual channels in the LED-panel made it possible to 

manipulate the illumination conditions inside the chamber on a pre-determined 

schedule. Two separate overlapping schedules were programmed into the system: 1) 

“grow mode” which emulated a simple day/night-photoperiod cycle and promoted 

photosynthesis, and 2) “image capture mode” which produced shorter flashes of light 

necessary for capturing images in specific illumination conditions. Active channels in 

these illumination modes were red and blue channels for the “grow mode” and red and 

NIR channels for the “image capture mode”. 
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4.1.5 Imaging system 

 

Camera module 

The imaging device used in this system was a Raspberry Pi NoIR v.2 RGB-camera module 

(Raspberry Pi Foundation, Cambridge, United Kingdom). The optical sensor (Sony 

IMX219, Sony Corporation, Tokyo, Japan) embedded in the camera module is an 8-

megapixel, complementary metal-oxide-semiconductor (CMOS) sensor with its spectral 

sensitivity characteristics ranging the visible part of the colour spectrum (400 – 700nm), 

but also up to portions of near infrared (NIR) region (700 – 1000nm) (Figure 7). The 

camera module in question is otherwise identical to a similarly named Raspberry Pi RGB-

camera module v.2, but with the important exception that the NoIR-version does not 

have an optical infrared filter installed in front of the sensor (hence the name NoIR = 

“No InfraRed” [filter]). Due to its capabilities to register longer wavelengths which are 

invisible to human eye, the NoIR-version has been a popular choice for example in many 

DIY-oriented night vision surveillance camera projects.  

 

 

Figure 7. Relative spectral response curves of red, green and blue channels in a Sony IMX219 

imaging sensor (without an IR-cut filter) in the visible (400 – 700nm) and non-visible (700 – 1000 

nm) regions of the electromagnetic spectrum. Values are digitized from a datasheet. 
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Optical filtering 

A piece of red plastic (Rosco #106 Primary Red, Rosco Laboratories Inc., Stamford, CT, 

USA) commonly used in manipulating studio lighting was repurposed as an inexpensive 

optical longpass filter. The filter was mounted in front of the camera module, which in 

turn was positioned between the LED-panels, facing down above the imaging area. 

According to the datasheet, the filter blocks out electromagnetic radiation shorter than 

580 nm, allowing longer wavelengths such as red light and NIR to pass through (Figure 

8).  

 

 

Figure 8. Transmission curve of a Rosco #106 Primary Red plastic filter in the visible (400 – 

700nm) and non-visible (700 – 1000 nm) regions of the electromagnetic spectrum. Values 

between 400 – 740 nm (black continuous line) are digitized from a datasheet, whereas values 

between 740 – 880 nm (red dashed line) are estimations based on preliminary tests. 

 

The exact transmission properties of this filter beyond 740 nm were not specified in the 

datasheet, but preliminary tests conducted under purely NIR at 843 nm yielded brightly 

lit images, indicating high transmission around those wavelengths. Based on the 

information extracted from the digitized Sony IMX219 (Figure 7) and Rosco #106 Primary 

Red (Figure 8) datasheets, an approximation of the spectral response of the modified 

camera module under red light and NIR was generated (Figure 9). The spectral response 

appeared to match nicely with the red light and NIR peak wavelengths of the LED-panel 
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(Figure 6). No radiometric calibration procedures were conducted to confirm these 

values, but after preliminary testing the filter was deemed adequate for the purposes of 

this experiment. 

 

 

Figure 9. Approximated spectral response curves of a Sony IMX219 imaging sensor after 

installing the Rosco #106 Primary Red plastic filter. Vertical black and white lines indicate peak 

wavelengths of the red light (637 nm) and NIR (843 nm) channels of the LED-panel, respectively.  

 

Custom camera settings 

The AWB feature of the camera was disabled and the image capturing settings were 

adjusted manually for the following reasons: A) to ensure constant exposure and white 

balance between the captured images, B) compensate for the spectral overlap-induced 

contamination of spectral information in RGB-cameras discussed in section 2.3.2, and C) 

provide consistent quality for subsequent data processing steps. The main goal of these 

adjustments was to facilitate the calculation of NDVI-values by allocating red light 

reflectance data into the red channel and NIR reflectance data into the blue channel. 

Following gain adjustment procedures similar to (Dworak et al. 2013), a satisfying 

balance was achieved by boosting the gain value of the blue channel in relation to the 

red channel. 

In a test image captured under narrow wavelength red light and NIR (Figure 10), pixels 

covering plant tissue appear blue, whereas background pixels are slightly magenta. This 
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colourization was intentional and is due to the additive colour mixing algorithm used to 

generate RGB-images in normal, “natural” lighting conditions. Splitting the image into 

its three spectral channel reveals that plant-associated pixels on the red channel appear 

dark, whereas on the blue channel they appear bright. These pixel intensity values 

supported assumptions on the spectral properties of photosynthetic plant tissue, and 

verified that the red light emitted by the LED-panel was mostly absorbed (thus lower 

reflectance and darker pixels), whereas NIR was mostly reflected (lower absorption and 

brighter pixels). Data on the green channel contained an unknown mixture of red light 

and NIR and could not be utilized in NDVI-calculations and was thus discarded. 

 

 

Figure 10. A test image captured under red and NIR light split into greyscale R-, G- and B-

channels. Plant pixels on the red channel appear dark (low reflectance), whereas corresponding 

pixels on the blue channel appear bright (high reflectance). Data on the green channel was 

discarded.  



37 
 

 

4.2 System performance test 

 

4.2.1 Plant material 

 

Twenty-four similarly sized cuttings were propagated from sweet basil plants (O. 

basilicum L. cv. ‘Genovese’) in three consecutive batches (8 cuttings per batch, dates: 

07.08.2020, 14.08.2020 and 29.08.2020). Cuttings were planted in 4x4x4 cm, 5.5 pH-

adjusted rockwool cubes (Cultilene Optimaxx Fibre, Saint-Gobain Cultilene, Rijen, The 

Netherlands), positioned under indirect sunlight and covered with a thin plastic film to 

ensure sufficient air humidity and to promote root growth. During a two-week rooting 

period, the plants were regularly misted with tap water and watered with a mix of tap 

water and weak hydroponic fertilizer solution (NPK 6-4-6 NFT Aqua Super Mix, Bio Nova 

Premium Fertilizers, Waalwijk, The Netherlands). Afterwards, the plants were 

transferred into the growth chamber for a 14-hour acclimatization period and arranged 

under the imaging area in positions as depicted in Figure 11.  

 

 

Figure 11. In each of the three repetitions of the experiment, eight plants were arranged into 

two rows, alternating between four control (“wet”) and four treatment (“dry”) plants. 

 

4.2.2 Treatments 

 

The experiment consisted of three identical repetitions (R1, R2 and R3 following the 

sowing schedule), each of which included a batch of eight plants divided into two 

treatment groups: four unirrigated plants (drought stress group labelled “dry, n = 12), 
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and four irrigated plants (control group labelled “wet”, n = 12). Each repetition lasted 

until all plants in the drought treatment group exhibited visual water-deficit symptoms 

(i.e. a clear drop in leaf turgor pressure). Based on these symptoms, a “wilting 

timepoint” for each wilted plant in the dry-treatment group was annotated (Figure 12).  

 

 

Figure 12. A wilting timepoint for each drought-stressed plant was determined based on visual 

assessment of the leaves after all images had been captured. The wilting timepoints were 

subsequently used to generate an alternative, “reversed” timeline which was later utilized as a 

baseline in comparative analysis. 

 

4.2.3 Environmental control 

 

The growth conditions inside the chamber were monitored and adjusted automatically 

by the environmental control system. In all three repetitions, maximum temperature 

setpoints during day and night were set to 26°C and 22°C, respectively, while the relative 

air humidity was set to remain at a constant 70%. Photoperiod was set to 15 hours 

between 08:00 – 23:00, with the illumination system set to “grow mode”. Air CO2-

concentration was monitored, but not adjusted. The robustness and stability of these 

parameters (apart from CO2) was assessed by calculating averages and standard 

deviations for all day- and night-time values based on the recorded sensor data. 

 

4.2.4 Dataset acquisition and pre-processing methodology 

 

Dataset acquisition, pre-processing and subsequent data analysis in this project were 

conducted in three distinct stages: images in each repetition were first acquired using 

the RPi-controlled image capturing sequence, after which they were transferred to a 

desktop PC for pre-processing and statistical analysis. This type of three-stage approach 
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was chosen for the following reasons: 1) to ensure the functionality and robustness of 

the data acquisition methodology, 2) enable the possibility to check for possible bugs 

inadvertently introduced to the data processing pipeline, and 3) facilitate comparative 

statistical analysis of the final dataset. 

 

Image capturing sequence 

The system was programmed to trigger a periodical image capturing sequence at three-

hour intervals during day and night for the entire duration of each repetition of the 

experiment. At the start of each sequence, a command was first sent to the illumination 

system to switch from “grow mode” to “image capture mode”, meaning that the only 

light sources inside the chamber were the red light and NIR LED channels. Next, an image 

was captured by the camera module with user-specified settings. The captured image 

was saved as a lossless PNG-file to a folder in the internal storage on the RPi, which in 

turn was synchronized to a virtual data storage server. After a successful image capture, 

the sequence terminated and the channels in the LED-panel were returned to their initial 

positions until the start of next imaging sequence. 

 

Image processing pipeline 

Due to the considerable size of the final dataset, manual image processing was not a 

viable option. Therefore, an automated image processing pipeline was developed in 

ImageJ Macro programming language in ImageJ/Fiji-image analysis and processing 

software (ImageJ version 1.53c 64-bit, National Institute of Health, Bethesda, MD, USA). 

In order to ensure the functionality and robustness of the processing pipeline, the 

workflow was implemented as a series of modular macro scripts, each of which could 

be applied independently. Each script module underwent thorough testing and 

debugging to find out any possible errors. The developed methodology enabled batch 

processing of entire folders containing hundreds of images, drastically speeding up 

processing time. 
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A stepwise representation of the processing pipeline was as follows (Figure 13): 

1 An unprocessed image is opened in ImageJ/Fiji. 

2 Image calculations – NDVI-values for each pixel in the image are calculated 

using equation 1 described in section 2.4.1  

3 Bitrate conversion – NDVI-image is transformed into 8-bit format, so that each 

pixel in the image is represented by a greyscale intensity value between 0-255 

(where 0 is black and 255 is white). 

4 Image splitting – The original image is split up into eight subsections. 

5 Feature extraction – NDVI-histograms are generated from each subsection. 

6 Export – Each NDVI-histogram is exported into a spreadsheet program and 

arranged according to repetition number, timestamp, treatment/control-label 

and biological replicate number. 
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Figure 13. Workflow visualization of the sequence of macro scripts developed for processing the image datasets.
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4.2.5 Calculated attributes  

 

Upon importing to a spreadsheet program (Microsoft Excel for Microsoft 365 

v.16.0.13530.20418 32-bit, Microsoft, Redmond, WA, USA), the histogram datapoints 

had been arranged into a chronological order based on their corresponding timestamps. 

The histogram data was utilized in determining various morphological and physiological 

attributes from the imaged plants. Attributes selected for further analysis were average 

NDVI, approximated leaf area (LA) in cm2, and LA/NDVI. Average NDVI was simply the 

total average of all NDVI-values in each plant-specific histogram. NDVI-values were also 

useful in distinguishing plant-associated pixels from background pixels and could be 

utilized to approximate leaf area for each plant. LA was approximated by correlating a 

scale value of known length in centimetres (based on a measuring tape placed in a 

previously captured test image) with the number of plant-covering pixels in each image. 

Lastly, LA/NDVI was an experimental ratio based on the two previous attributes 

calculated by dividing LA with NDVI, with the intention to provide further sensitivity in 

terms of detecting drought stress-related symptoms from the image-based data. 

 

4.2.6 Statistical analysis 

 

The calculated attributes were first examined in the chronological order in which images 

had been captured to get a general idea how they changed during the experiment. From 

all three repetitions, 13 datapoints at 12-hour intervals between 0h and 144h since the 

start of the treatment period were selected for subsequent analysis. In chronological 

comparison analysis, the statistical test selected was Student’s T-test (significance level 

threshold P < 0.05) with two-tailed distribution, assuming equal variances. 

Secondly, to determine whether the system could detect drought stress-related 

symptoms purely from image-based data, the attributes were combined with wilting 

timepoints for each plant (see section 4.2.2). Because plants in the dry-treatment group 

wilted at slightly different timepoints, the data had to be slightly rearranged to establish 

a baseline for side-by-side comparison. The initial, chronological format depicted the 

passing of time counting up from the beginning of the experiment and therefore, the 
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sequences of datapoints for each wilted plant were shifted so that their wilting 

timepoints aligned across all three repetitions. With such an approach, time could be 

depicted in hours counting down before the wilting timepoint for each individual plant. 

After the described data rearrangement, 13 datapoints between -72h and 0h before the 

wilting timepoint at 6-hour intervals from all three repetitions were selected for 

subsequent analysis. A narrower datapoint interval (than in chronological comparison) 

was selected to increase the resolution for drought stress detection. The same statistical 

method (Student’s T-test with significance level threshold P < 0.05, two-tailed 

distribution, assuming equal variances) as in chronological comparison analysis was 

utilized to analyse datapoints in the wilting timepoint comparison. 
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5 RESULTS 
 

5.1 Environmental parameters 

 

5.1.1 Photoperiod cycle 

 

In addition to enabling controlled image capture, the illumination system also simulated 

a simple day-/night photoperiod cycle in all three repetitions (R1-R3) of the experiment. 

As temperature control in this experiment was implemented in a form of a ventilation 

cycle (as described in section 4.1.3), there was a link between LED-panel activity, air 

temperature and relative humidity inside the chamber. Therefore, although no direct 

data was recorded on the activity statuses of the LED-channels, indirect evidence on 

photoperiod changes can be seen as changes in the recorded air temperature sensor 

datapoints (Figure 14A, red lines).  

 

5.1.2 Air temperature (AT) 

 

The recorded sensor data shows (Figure 14A, red lines) that air temperature (AT) inside 

the chamber remained very close to the maximum target setpoints both during daytime 

(setpoint: 26°C) and night-time (setpoint: 22°C) in all three repetitions of the 

experiment. Further analysis revealed that the average AT remained within -0.3°C and 

+0.4°C ranges of the target setpoints, with their values drifting by only between ± 0.5°C 

and ± 0.8°C from the average during daytime and night-time, respectively (Table 1). 

  

5.1.3 Relative humidity (RH) 

 

Clearly more prominent instability was observed in relative humidity (RH), despite the 

fact that both daytime and night-time maximum target setpoints were set to a constant 

level of 70% (Figure 14A, blue lines). In R1, average RH remained reasonably stable, only 

deviating from the target setpoint by -0.1% during daytime and +0.9% during night-time, 

with its absolute values drifting from the average between ± 3.8% during daytime to ± 
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4.2% during night-time (Table 1). Noticeably higher average RH deviations from the 

target setpoint were present in R2, with +2.7% during daytime and +3.0 during night-

time. However, R2 exhibited slightly lower value fluctuations than R1, with its values 

drifting between ± 3.1% and ± 3.4% from the daytime and night-time averages. Most 

pronounced instability was observed in R3, where daytime average RH deviated from 

the target setpoint by +1.1% and night-time average by +4.8%. Moreover, RH values in 

R3 drifted from the average up to threefold compared to R1 and R2.  

 

5.1.4 CO2-concentration 

 

The CO2-concentration was not controlled by any physical actuator inside the chamber, 

and therefore exhibited wide drifting and fluctuation in all three repetitions of the 

experiment (Figure 14B, black lines). Spikes during daytime may be attributed to times 

when chamber door was opened during irrigation. The sensor had a limited sensing 

range of 400 – 2000 ppm, which is evident in the recorded data. 

 

Table 1. Calculated day- and night-time averages (± standard deviation) of recorded air 

temperature (AT), relative humidity (RH) and CO2-concentration data in repetitions 1, 2 and 3 

(denoted as R1, R2 and R3, respectively). Off target values indicate differences from the target 

setpoint. 

Parameter, repetition Day  Night 

 Average Off target  Average Off target 

Air temperature (°C) 1      

R1 25.7 ± 0.5 -0.3  22.3 ± 0.8 +0.3 

R2 25.8 ± 0.5 -0.2  22.4 ± 0.8 +0.4 

R3 25.8 ± 0.6 -0.2  22.4 ± 0.8 +0.4 

Relative humidity (%) 2      

R1 69.9 ± 3.8 -0.1  70.9 ± 4.2 +0.9 

R2 72.7 ± 3.4 +2.7  73.0 ± 3.1 +3.0 

R3 71.1 ± 6.6 +1.1  74.8 ± 9.4 +4.8 

CO2-concentration (ppm)      

R1 441.3 ± 46.0 –  403.7 ± 9.8 – 

R2 443.4 ± 50.0 –  421.5 ± 17.7 – 

R3 458.6 ± 81.3 –  476.2 ± 37.1 – 

Day/night target setpoints: 
1 26°C/22°C 
2 70%/70% 
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Figure 14. A: Air temperature (AT), relative humidity (RH) and B: CO2-concentration sensor data recorded at 15-minute intervals in repetitions 1 – 3. Maximum day-/night-

time target setpoints (not shown) for AT and RH were set to 26°C/22°C and 70%/70%, respectively. Simulated day/night photoperiod-cycle indicated in alternating yellow/grey 

columns. 
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5.2 Dataset acquisition and pre-processing 

 

5.2.1 Image capturing sequence 

 

The image capturing sequence successfully captured images at 3-hour intervals in all 

three repetitions of the experiment. The durations of the repetitions ranged from 150 h 

in R3 and 153 h in R1 to 171 h in R2, during which a total of 161 images were captured 

(Table 2). Only a single instance of image capture resulted in a failure in R2 at 63 hour-

timepoint. Data from that particular image was excluded from subsequent data analysis. 

 

5.2.2 Image processing pipeline 

 

The image processing pipeline performed all the required steps successfully, splitting 

each image in the dataset into eight subsections (with one plantlet per section) and 

executing feature extraction procedures, resulting in a total of 1280 extracted 

histograms (Table 2). Afterwards, arbitrary manual checks following the automated 

processing steps described in section 4.2.4 were conducted to locate any possible errors, 

and none were found. 

 

Table 2. Summary on data acquisition and processing in repetitions 1 – 3. 

 Duration (h)  
Images captured 
(success/fail) 

 
Histograms 
exported 

R1 153  52/0  416 

R2 171  57/11  456 

R3 150  51/0  408 

Total 474  160/1  1280 
1 Data excluded from statistical analysis.  
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5.3 Image-based data analysis 

 

As described in section 4.2.6, attributes calculated from the image-datasets were first 

examined in a chronological order (in which the images had been captured) to observe 

how they progressed during the experiment. Afterwards, the wilting timepoints 

annotated for each wilted plant (see section 4.2.2) were used to establish a comparison 

baseline for the detection of drought stress-related symptoms based on the calculated 

attributes. 

 

5.3.1 NDVI 

 

Chronological comparison 

In chronological comparison analysis, NDVI-values plotted on a boxplot-chart show a 

decreasing trend towards the end of the experiment in both wet- and dry treatment 

groups, with their values ranging approximately between 0.42 – 0.30 (Figure 15). 

Additionally, both groups appeared to follow a recurrent pattern in which values 

periodically increased during daytime and decreased during night-time. Similar results 

were observed in all three repetitions. Further analysis revealed no statistically 

significant differences (P < 0.05) between the wet- and dry-treatment groups in any of 

the timepoints throughout the experiment in R1 or R2 (Table 3). In R3, results were 

similar in all timepoints, except for the last timepoint at 144 hours after the start of 

experiment. 

 

Wilting timepoint comparison 

Wilting timepoint comparison analysis of NDVI yielded similar results as chronological 

comparison, with no statistically significant differences (P < 0.05) detected at any of the 

timepoints in none of the repetitions (Table 4). Interestingly, NDVI-values in the two 

treatment groups had not deviated much from each other even at wilting point (at 0h) 

(Figure 16). In this experiment, the spectral response information utilized to calculate 

average NDVI per plant therefore failed to provide cues for drought stress-related 

symptoms purely from image-based data. 
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Table 3. Chronological comparison of NDVI value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time since start 
(h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

0 0.34 ± 0.02 0.35 ± 0.02 0.13 ns  0.35 ± 0.02 0.35 ± 0.01 0.04 ns  0.42 ± 0.01 0.40 ± 0.02 1.37 ns 

12 0.38 ± 0.02 0.38 ± 0.03 0.07 ns  0.39 ± 0.02 0.38 ± 0.01 0.45 ns  0.40 ± 0.01 0.39 ± 0.01 1.23 ns 

24 0.34 ± 0.02 0.33 ± 0.03 0.05 ns  0.34 ± 0.03 0.34 ± 0.02 0.17 ns  0.34 ± 0.01 0.33 ± 0.02 0.88 ns 

36 0.37 ± 0.03 0.37 ± 0.03 0.09 ns  0.38 ± 0.02 0.37 ± 0.02 0.16 ns  0.38 ± 0.01 0.37 ± 0.01 0.83 ns 

48 0.33 ± 0.03 0.33 ± 0.03 0.30 ns  0.34 ± 0.02 0.34 ± 0.02 0.06 ns  0.34 ± 0.01 0.33 ± 0.01 1.15 ns 

60 0.36 ± 0.02 0.36 ± 0.03 0.14 ns  0.38 ± 0.02 0.38 ± 0.02 0.06 ns  0.37 ± 0.01 0.37 ± 0.01 0.75 ns 

72 0.34 ± 0.03 0.35 ± 0.03 0.33 ns  0.35 ± 0.02 0.35 ± 0.03 0.05 ns  0.34 ± 0.01 0.33 ± 0.01 1.41 ns 

84 0.35 ± 0.03 0.36 ± 0.03 0.24 ns  0.36 ± 0.02 0.36 ± 0.03 0.15 ns  0.37 ± 0.01 0.36 ± 0.01 0.69 ns 

96 0.33 ± 0.03 0.35 ± 0.04 0.76 ns  0.35 ± 0.02 0.35 ± 0.03 0.14 ns  0.33 ± 0.01 0.33 ± 0.01 1.36 ns 

108 0.34 ± 0.03 0.36 ± 0.03 0.75 ns  0.35 ± 0.02 0.35 ± 0.02 0.60 ns  0.36 ± 0.01 0.36 ± 0.01 0.10 ns 

120 0.32 ± 0.03 0.34 ± 0.03 1.22 ns  0.35 ± 0.02 0.34 ± 0.02 0.55 ns  0.34 ± 0.01 0.34 ± 0.01 0.60 ns 

132 0.33 ± 0.03 0.35 ± 0.01 1.32 ns  0.35 ± 0.02 0.33 ± 0.02 0.92 ns  0.36 ± 0.01 0.36 ± 0.01 0.36 ns 

144 0.30 ± 0.03 0.33 ± 0.01 1.40 ns  0.33 ± 0.02 0.32 ± 0.01 0.83 ns  0.32 ± 0.01 0.34 ± 0.00 2.52* 

ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

Figure 15. Chronological changes of NDVI at 12-hour intervals in dry- (n=4) and wet- (n=4) treatment groups (blue and orange bars, respectively) in repetitions 1-3. Simulated 

day/night photoperiod-cycle indicated in alternating yellow/grey columns.  
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Table 4. Wilting timepoint comparison of NDVI value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time before 
wilting (h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

-72 0.35 ± 0.03 0.35 ± 0.03 0.18 ns  0.36 ± 0.03 0.36 ± 0.03 0.18 ns  0.36 ± 0.02 0.36 ± 0.01 0.71 ns 

-66 0.36 ± 0.03 0.36 ± 0.03 0.17 ns  0.36 ± 0.02 0.36 ± 0.02 0.50 ns  0.36 ± 0.01 0.36 ± 0.02 0.12 ns 

-60 0.36 ± 0.04 0.36 ± 0.04 0.02 ns  0.35 ± 0.02 0.34 ± 0.02 0.48 ns  0.35 ± 0.01 0.34 ± 0.02 0.31 ns 

-54 0.33 ± 0.03 0.34 ± 0.03 0.37 ns  0.35 ± 0.03 0.35 ± 0.04 0.18 ns  0.34 ± 0.02 0.34 ± 0.00 0.56 ns 

-48 0.34 ± 0.03 0.35 ± 0.03 0.30 ns  0.36 ± 0.03 0.36 ± 0.04 0.22 ns  0.36 ± 0.02 0.36 ± 0.01 0.31 ns 

-42 0.35 ± 0.03 0.36 ± 0.03 0.32 ns   0.36 ± 0.02 0.35 ± 0.03 0.18 ns   0.35 ± 0.01 0.36 ± 0.02 0.14 ns 

-36 0.35 ± 0.04 0.36 ± 0.04 0.20 ns  0.35 ± 0.03 0.34 ± 0.03 0.15 ns  0.35 ± 0.01 0.34 ± 0.02 0.29 ns 

-30 0.32 ± 0.03 0.34 ± 0.03 0.76 ns  0.35 ± 0.03 0.34 ± 0.04 0.14 ns  0.34 ± 0.02 0.34 ± 0.01 0.26 ns 

-24 0.34 ± 0.03 0.36 ± 0.03 0.76 ns  0.35 ± 0.03 0.35 ± 0.04 0.05 ns  0.36 ± 0.01 0.36 ± 0.00 0.23 ns 

-18 0.34 ± 0.03 0.36 ± 0.03 0.80 ns  0.34 ± 0.02 0.35 ± 0.03 0.11 ns  0.35 ± 0.01 0.36 ± 0.01 0.41 ns 

-12 0.34 ± 0.04 0.35 ± 0.04 0.50 ns  0.34 ± 0.03 0.34 ± 0.03 0.14 ns  0.34 ± 0.01 0.35 ± 0.01 0.79 ns 

-6 0.32 ± 0.03 0.34 ± 0.03 1.01 ns  0.33 ± 0.03 0.34 ± 0.04 0.21 ns  0.33 ± 0.02 0.35 ± 0.01 1.09 ns 

0 0.33 ± 0.03 0.37 ± 0.03 1.68 ns  0.33 ± 0.03 0.33 ± 0.02 0.24 ns  0.35 ± 0.01 0.37 ± 0.00 1.84 ns 

ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

Figure 16. Temporal changes of NDVI at 6-hour intervals before wilting timepoint in dry- (n=4) and wet- (n=4) treatment groups (blue and orange bars, respectively) in 
repetitions 1-3. Wilting timepoints were determined by visual annotation, after which they were used as a baseline for comparative analysis in early detection of drought 
stress.  
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5.3.2 Leaf area (LA) 

 

Chronological comparison 

Compared to NDVI, LA exhibited more gradual changes in all repetitions throughout the 

experiment (Figure 17). LA in the wet-treatment group remained relatively stable, 

exhibiting a slight increase towards the end, whereas LA in the dry-treatment group 

gradually decreased, reaching significantly lower values before the end. Due to 

differences in wilting timepoints in the dry-treatment group, larger variations towards 

the end of each repetition can be seen in the chronological boxplot-data. Further data 

analyses between repetitions resulted in statistically significant differences (P < 0.05) 

between wet- and dry-treatment groups starting at 132h in R1, 144h in R2 and 108h 

timepoint in R3 (Table 5).  

 

Wilting timepoint comparison 

Similar gradual changes as observed in the chronological comparison charts can be seen 

in the boxplot-charts of wilting timepoint comparison data (Figure 18). Although clearly 

visible changes in LA between the treatment groups are present in the chronological 

comparison data, results in terms of early detection of drought stress from a wilting 

timepoint-perspective were somewhat inconclusive: in R1 and R2, statistically 

significant differences (P < 0.05) were not observed until at wilting point (0h), whereas 

in R3 differences emerged already at -24h before wilting point (Table 6). Possible 

explanations for these discrepancies could be e.g. differences in plant material 

(homogeneity in leaf size within each treatment group might have increased sensitivity 

to detect differences), fluctuations in growth chamber environmental parameters (a 

prominent night-time spike in humidity in R3), or human error. 
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Table 5. Chronological comparison of LA value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time since start 
(h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

0 38.7 ± 3.3 36.3 ± 4.5 0.73 ns  26.6 ± 6.9 26.0 ± 7.4 0.11 ns  35.0 ± 6.9 33.6 ± 4.2 0.30 ns 

12 37.5 ± 3.3 35.7 ± 4.7 0.57 ns  27.0 ± 6.8 25.8 ± 7.1 0.21 ns  35.9 ± 5.2 34.2 ± 4.1 0.45 ns 

24 36.8 ± 3.7 35.3 ± 4.9 0.43 ns  27.4 ± 6.5 25.9 ± 7.1 0.27 ns  34.7 ± 3.6 32.2 ± 3.0 0.89 ns 

36 36.6 ± 3.9 34.9 ± 4.5 0.50 ns  26.9 ± 6.5 25.2 ± 6.8 0.31 ns  34.6 ± 4.2 31.8 ± 2.4 1.02 ns 

48 36.6 ± 4.6 35.1 ± 4.7 0.41 ns  27.3 ± 6.3 25.8 ± 6.8 0.27 ns  34.9 ± 3.9 32.1 ± 1.9 1.14 ns 

60 35.8 ± 4.9 34.0 ± 4.7 0.47 ns  27.7 ± 6.2 25.6 ± 6.8 0.39 ns  35.2 ± 3.7 32.3 ± 1.5 1.26 ns 

72 36.6 ± 5.4 34.2 ± 4.8 0.58 ns  28.8 ± 6.4 26.7 ± 6.6 0.41 ns  36.1 ± 4.1 33.1 ± 1.5 1.21 ns 

84 35.8 ± 5.2 33.3 ± 4.9 0.60 ns  28.5 ± 6.3 26.0 ± 6.3 0.50 ns  35.4 ± 3.3 32.1 ± 0.6 1.65 ns 

96 36.7 ± 5.7 32.0 ± 4.9 1.06 ns  30.6 ± 6.4 27.1 ± 6.1 0.68 ns  37.3 ± 3.5 33.2 ± 0.8 1.98 ns 

108 36.2 ± 5.6 27.5 ± 9.3 1.39 ns  29.7 ± 6.2 22.1 ± 2.4 1.97 ns  36.1 ± 2.7 32.1 ± 0.3 2.52 * 

120 36.0 ± 6.1 24.7 ± 9.9 1.68 ns  32.1 ± 6.7 20.4 ± 6.5 2.17 ns  38.4 ± 3.0 31.6 ± 1.1 3.72 ** 

132 36.2 ± 6.3 16.0 ± 6.5 3.87 **  30.8 ± 6.3 18.7 ± 7.6 2.12 ns  37.4 ± 2.5 15.7 ± 10.0 3.67 * 

144 36.5 ± 6.7 12.9 ± 6.2 4.49 **  32.9 ± 6.5 18.0 ± 7.7 2.56*  38.6 ± 2.6 11.1 ± 9.6 4.75 ** 

ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

Figure 17. Chronological changes of average LA at 12-hour intervals in dry- (n=12) and wet-(n=12) treatment groups (blue and orange bars, respectively). Simulated day/night 

photoperiod-cycle indicated in alternating yellow/grey columns.  
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Table 6. Wilting timepoint comparison of LA value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time before 
wilting (h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

-72 36.3 ± 4.1 35.1 ± 5.3 0.30 ns  29.3 ± 5.5 26.8 ± 6.0 0.52 ns  35.9 ± 4.2 32.8 ± 1.6 1.18 ns 

-66 35.9 ± 4.7 34.5 ± 5.4 0.34 ns  28.8 ± 5.4 26.4 ± 6.3 0.50 ns  35.4 ± 3.5 32.2 ± 0.9 1.56 ns 

-60 33.5 ± 4.7 32.1 ± 5.9 0.32 ns  28.0 ± 5.6 25.7 ± 6.9 0.44 ns  34.9 ± 4.2 31.5 ± 2.5 1.17 ns 

-54 35.3 ± 4.9 32.9 ± 5.2 0.58 ns  29.6 ± 6.6 26.9 ± 6.7 0.49 ns  36.5 ± 4.0 33.0 ± 1.4 1.44 ns 

-48 36.6 ± 4.9 34.3 ± 5.6 0.54 ns  30.7 ± 5.5 27.2 ± 6.1 0.75 ns  36.3 ± 3.8 32.9 ± 0.6 1.53 ns 

-42 36.1 ± 4.9 33.6 ± 5.6 0.58 ns  29.7 ± 4.9 26.5 ± 6.2 0.70 ns   35.7 ± 3.0 32.0 ± 0.6 2.08 ns 

-36 33.5 ± 4.2 31.4 ± 6.1 0.50 ns  29.2 ± 5.8 25.9 ± 7.1 0.63 ns  35.2 ± 4.0 31.6 ± 1.9 1.43 ns 

-30 35.1 ± 5.2 31.0 ± 5.4 0.94 ns  31.1 ± 6.8 26.8 ± 6.8 0.77 ns  37.3 ± 3.5 32.8 ± 0.8 2.16 ns 

-24 37.0 ± 5.0 33.3 ± 5.7 0.84 ns  31.6 ± 5.4 26.7 ± 6.1 1.06 ns  37.6 ± 3.2 32.7 ± 0.4 2.62 * 

-18 36.2 ± 5.2 32.7 ± 5.9 0.78 ns  30.5 ± 5.0 26.0 ± 5.9 1.02 ns  36.5 ± 2.7 31.6 ± 0.9 3.05 * 

-12 33.9 ± 4.6 31.1 ± 6.3 0.61 ns  30.0 ± 6.0 25.5 ± 7.1 0.84 ns  36.0 ± 3.6 31.4 ± 0.5 2.19 ns 

-6 35.0 ± 5.5 30.2 ± 5.6 1.05 ns  31.6 ± 6.9 25.2 ± 6.5 1.16 ns  38.0 ± 3.2 30.5 ± 0.3 4.01 ** 

0 36.9 ± 5.8 23.8 ± 6.1 2.69 *  31.9 ± 5.5 13.7 ± 4.6 4.36 **  38.5 ± 2.9 16.1 ± 0.8 12.88 *** 

ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

 
Figure 18. Temporal changes of LA at 6-hour intervals before wilting timepoint in dry- (n=4) and wet- (n=4) treatment groups (blue and orange bars, respectively) in repetitions 

1-3. Wilting timepoints were determined by visual annotation, after which they were used as a baseline for comparative analysis in early detection of drought stress.  
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5.3.3 LA/NDVI 

 

Chronological comparison 

The experimental LA/NDVI-index yielded similar results as LA, with analogous increasing 

and decreasing trends observed in wet- and dry-treatment groups, respectively (Figure 

19). Additionally, a similar alternating pattern in day- and night-time values to NDVI can 

be seen in LA/NDVI, with the exception that the pattern appeared to be inverted 

(decreases during daytime and increases during night-time). Further analysis yielded 

almost identical statistical significance levels as in LA, with only minor improvements in 

t-values towards the end of the experiment (Table 7). 

 

Wilting timepoint comparison 

Analysis of LA/NDVI from a wilting timepoint-standpoint resulted in an equally 

inconclusive outcome as LA: R1 and R2 both yielded statistically significant differences 

only at wilting point (0h), and R3 at -30h before wilting point (Table 8). Due to 

differences in wilting timepoints of the plants, no such coherent patterns or trends as 

with the previous attributes could be seen in the boxplot-charts (Figure 20). 
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Table 7. Chronological comparison of LA/NDVI value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time since start 
(h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

0 112.8 ± 4.5 105.2 ± 11.9 1.03 ns  75.0 ± 14.6 73.3 ± 17.8 0.12 ns  83.6 ± 16.7 83.0 ± 10.2 0.05 ns 

12 99.6 ± 3.9 95.1 ± 11.5 0.64 ns  69.2 ± 14.0 67.4 ± 15.7 0.15 ns  89.7 ± 13.4 87.5 ± 10.0 0.23 ns 

24 109.7 ± 4.4 105.5 ± 11.1 0.61 ns  78.6 ± 13.2 75.1 ± 16.4 0.29 ns  101.2 ± 13.8 96.6 ± 8.1 0.50 ns 

36 99.4 ± 4.9 94.3 ± 10.0 0.80 ns  71.0 ± 13.4 67.0 ± 14.1 0.36 ns  92.0 ± 12.4 85.7 ± 7.3 0.75 ns 

48 112.3 ± 6.4 105.7 ± 10.6 0.92 ns  79.7 ± 13.4 75.7 ± 15.8 0.34 ns  103.1 ± 11.1 96.5 ± 6.9 0.87 ns 

60 99.6 ± 7.2 94.1 ± 10.8 0.73 ns  72.8 ± 12.6 66.9 ± 13.0 0.56 ns  94.2 ± 9.7 88.1 ± 5.6 0.95 ns 

72 108.2 ± 7.7 99.2 ± 10.3 1.21 ns  82.0 ± 13.3 76.0 ± 13.1 0.56 ns  105.2 ± 9.8 99.3 ± 6.0 0.88 ns 

84 100.9 ± 6.8 93.0 ± 12.1 0.99 ns  77.5 ± 13.2 70.9 ± 11.6 0.65 ns  95.6 ± 7.4 88.2 ± 3.3 1.58 ns 

96 111.6 ± 9.7 92.4 ± 11.0 2.28 ns  86.4 ± 13.6 77.0 ± 10.9 0.93 ns  111.6 ± 7.7 102.1 ± 4.1 1.89 ns 

108 106.1 ± 8.2 78.6 ± 27.7 1.65 ns  83.0 ± 13.3 64.1 ± 6.2 2.23 ns  99.5 ± 5.6 88.7 ± 2.7 3.04 * 

120 113.3 ± 9.1 73.5 ± 30.0 2.20 ns  92.1 ± 14.3 61.3 ± 19.9 2.18 ns  114.4 ± 7.5 93.0 ± 6.3 3.76 ** 

132 109.9 ± 10.4 46.4 ± 20.3 4.82 **  88.1 ± 13.9 55.8 ± 21.7 2.17 ns  104.8 ± 4.9 43.9 ± 28.3 3.67 * 

144 119.0 ± 10.4 39.0 ± 19.8 6.21 ***  99.3 ± 14.7 56.2 ± 23.0 2.74 *  120.2 ± 6.2 33.1 ± 28.8 5.12 ** 

ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

Figure 19. Chronological changes of LA/NDVI at 12-hour intervals in dry- (n=12) and wet-(n=12) treatment groups (blue and orange bars, respectively). Simulated day/night 

photoperiod-cycle indicated in alternating yellow/grey columns.  
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Table 8. Wilting timepoint comparison of LA/NDVI value means (± standard deviation) between wet- and dry-treatment groups in repetitions 1-3. 

Time before 
wilting (h) 

R1  R2  R3 

Wet Dry t (df = 6)  Wet Dry t (df = 6)  Wet Dry t (df = 6) 

-72 104.7 ± 4.9 99.9 ± 11.0 0.68 ns  80.0 ± 10.4 73.8 ± 9.5 0.76 ns  98.6 ± 9.8 92.1 ± 5.0 1.03 ns 

-66 100.3 ± 5.2 95.3 ± 11.7 0.67 ns  78.6 ± 10.8 73.6 ± 12.9 0.52 ns  99.1 ± 8.9 90.6 ± 5.7 1.40 ns 

-60 93.2 ± 4.6 89.3 ± 10.1 0.62 ns  80.5 ± 12.0 75.4 ± 15.4 0.45 ns  100.7 ± 14.3 92.2 ± 11.7 0.79 ns 

-54 107.7 ± 5.8 97.9 ± 10.5 1.42 ns  83.4 ± 13.0 76.6 ± 11.1 0.69 ns  105.9 ± 8.3 97.6 ± 4.1 1.54 ns 

-48 106.5 ± 5.1 97.6 ± 10.3 1.35 ns  84.1 ± 10.0 75.5 ± 7.8 1.18 ns  100.7 ± 7.7 92.2 ± 3.0 1.77 ns 

-42 103.2 ± 4.9 93.8 ± 11.2 1.33 ns  83.1 ± 9.3 74.5 ± 11.4 1.01 ns   100.5 ± 7.3 89.8 ± 3.8 2.24 ns 

-36 95.3 ± 4.8 87.2 ± 11.0 1.17 ns  83.3 ± 10.8 74.0 ± 13.7 0.92 ns  101.9 ± 14.0 92.4 ± 10.3 0.94 ns 

-30 109.0 ± 6.2 91.2 ± 12.7 2.18 ns  88.4 ± 14.0 76.7 ± 10.6 1.15 ns  109.6 ± 8.0 97.3 ± 2.4 2.57 * 

-24 109.1 ± 6.0 93.0 ± 11.7 2.11 ns  89.5 ± 9.7 75.4 ± 8.9 1.87 ns  104.1 ± 6.9 90.3 ± 1.7 3.38 * 

-18 106.4 ± 4.9 90.4 ± 12.8 2.03 ns  88.0 ± 9.5 73.9 ± 10.1 1.76 ns  104.1 ± 6.9 88.8 ± 2.6 3.59 * 

-12 100.3 ± 5.5 87.5 ± 12.5 1.63 ns  87.8 ± 11.1 73.3 ± 13.0 1.46 ns  104.8 ± 12.3 89.4 ± 4.8 2.02 ns 

-6 110.2 ± 9.0 88.4 ± 14.7 2.20 ns  94.0 ± 15.5 73.1 ± 10.0 1.97 ns  113.6 ± 7.7 88.5 ± 1.5 5.56 ** 

0 112.5 ± 6.4 64.2 ± 15.7 4.93 **  95.0 ± 11.1 41.0 ± 11.1 5.97 ***  109.6 ± 7.7 44.0 ± 2.2 14.20 *** 
ns, not significant (P > 0.05). 

*, **, ***: P < 0.05, P < 0.01, P < 0.001, respectively. 

Figure 20. Temporal changes of LA/NDVI at 6-hour intervals before wilting timepoint in dry- (n=4) and wet- (n=4) treatment groups (blue and orange bars, respectively) in 
repetitions 1-3. Wilting timepoints were determined by visual annotation, after which they were used as a baseline for comparative analysis in early detection of drought 
stress. 
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6 DISCUSSION 
 

6.1 Design choices and challenges 

 

6.1.1 Environmental parameter control range and accuracy 

 

Due to implemented design choices in AT and RH control, there was an apparent 

connection between the regulated variables which resulted in certain challenges to 

control range and accuracy. First challenges were related to RH control: each time a 

ventilation cycle initiated, warm air (heated by the LED-panel) was discharged outside 

by the cooling fans via holes on top of the chamber, allowing cool air to flow in through 

the bottom holes. This displacement of air resulted in a decrease in AT, but also caused 

fluctuations in RH, as the humidifier unit struggled to keep up replenishing the lost 

humid air. Furthermore, because RH regulation had to be implemented by using an 

independent unit detached from the main environmental control system, they utilized 

separate hygrometers in monitoring RH inside the chamber. This not only resulted in 

possibly large discrepancies in the observed RH values between the humidifier unit and 

the main control system, but also prohibited the possibility to program separate daytime 

and night-time setpoints. Therefore, only one constant setpoint for RH was possible. 

Second, as no separate heating system was incorporated into the design, the chamber 

was more susceptible to variations in the surrounding temperature. The system was 

located in a regular office room space with automatic A/C, and – because the enclosure 

structure was by no means airtight or sealed from the ambient environment – this 

susceptibility is evident especially in the recorded sensor data at night-time. After the 

LED-panel switched off in the end of each photoperiod cycle at 23:00, ventilation cycle 

was active until AT reached the night-time setpoint value, but continued to drop further 

down, presumably following the ambient room temperature specified by the office A/C 

(Figure 14, red lines).  

Comparable challenges in RH and AT control have also been encountered in similar, 

more sophisticated attempts in constructing a functional growth chamber for botanical 

experiments with minimal resources. For example, Darehshouri et al. (2020) developed 

an inexpensive growth chamber and validated its performance through several weeks 
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of testing procedures similar to standardized tests used for commercial growth 

chambers. Their system was capable of simulating warm climatic conditions and proved 

to be a reliable and affordable alternative for expensive commercial applications. 

Limitations were expressed in terms of reaching temperatures below ambient levels, 

control over high humidity ranges in moderate (20 – 35°C) temperatures, and 

establishing homogenous temperature distribution within the chamber. However, as 

these requirements might be considered too specific or demanding, the system was 

deemed satisfactory for most general botanical experiments. Similarly, Katagiri et al. 

(2015) employed a slightly larger form-factor in developing a multi-layer growth 

chamber system. They tested their system in separate experimental settings during 

summer and winter and demonstrated results comparable to commercial chambers. 

Moreover, they also encountered challenges related to accurate temperature and 

humidity control but managed to alleviate most of them through improvements to 

peripheral sensor positioning and setpoint management protocols.  

The examples described above emphasized more on the robustness of the 

environmental control, and did not incorporate an embedded imaging system, as was 

done in this project. Therefore, because the goal was not to achieve highly accurate or 

wide-range parameter control, no such thorough testing to optimize those parameters 

was conducted. Despite the challenges in AT and RH control, the system’s performance 

was deemed adequate for the purposes of this experiment. The ventilation setup 

successfully managed to prevent the AT from rising above the pre-determined maximum 

setpoints during daytime in all three repetitions. Apart from occasional overshoots, the 

average AT values were well within reasonable ranges and closely matched to the 

desired setpoint values. A similar conclusion was made in terms of RH – according to the 

recorded sensor data, average RH values exhibited higher fluctuations than AT, but still 

mostly remained within acceptable levels. These problems might have been alleviated 

through structural improvements to insulation, cooling/heating and airflow design, and 

more robust testing and finetuning. 
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6.1.2 Image capture 

 

LED-panel performance 

Apart from minor challenges in maintaining consistent lighting conditions inside the 

chamber, the illumination system successfully enabled controlled image capture in all 

three repetitions of the experiment. The single instance of failed image capture in R2 

was pinpointed to be a result of an unknown technical malfunction in the LED panel, 

which led to the NIR channel not activating at an appropriate moment. NDVI-values in 

this image could not be calculated accordingly, and its data was therefore excluded from 

further analysis. This did not pose any problems while examining the results of image-

based data-analysis, because the interval of analysed datapoints was selected so that 

this image could be excluded. 

Another LED-panel-attributed challenge in image capture was related to slight 

fluctuations in exposure observed between the captured day- and night-time images. 

During daytime, the captured images appeared slightly darker (evident in both plant- 

and background-covering pixels), whereas night-time images were brighter. These 

fluctuations were reflected as minor inconsistencies in the calculated NDVI-values. The 

phenomenon was assumed to be a result of variations in the spectral output 

characteristics of the LED-diodes due to changes in their operating temperature: higher 

temperatures are known to influence the spectral output intensity and colour 

temperature of high-power LEDs (Poppe et al. 2010). Because heat dissipation of the 

illumination system was implemented through passively cooled aluminium heatsinks, a 

more efficient thermal management solution (e.g. active cooling by fans or liquid 

cooling) or lower operating current would have alleviated this issue.  

 

Camera setup/image distortions 

Image capture in this project was implemented with a single camera module, which was 

positioned above the imaging area, pointing down. As the camera remained stationary 

throughout the experiment, all images were captured from a single fixed point, 

facilitating data recording in a time-lapse format. Some disadvantages to this setup 

include certain geometric and optical distortions including e.g. radial distortions or 

vignetting (due to lens shading), which may have resulted in minor aberrations and 
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gradient-like exposure differences in pixels between centre and edges of the image, 

therefore slightly influencing the calculated NDVI-values. These distortions could have 

been eliminated through radiometric calibration procedures such as those described by 

Pagnutti et al. (2017), or performing corrections in post-processing. 

Issues related to geometric and optical distortions may have been averted altogether by 

implementing a camera setup that would have enabled the generation of two-

dimensional overhead views of the imaged canopy, commonly referred to as 

orthographic projection imagery. Such a setup could have been implemented by using 

several cameras or mounting the camera module onto a moving rail system, thus 

enabling image capture from multiple locations on a two-dimensional plane. 

Consequently, a non-distortion scene of the canopy could have been reconstructed by 

stitching together several images captured from multiple X and Y locations. A similar 

design was implemented in a study by Story and Kacira (2015), in which a moving 

imaging platform with three cameras (RGB, NIR, thermal) was utilized in an autonomous 

crop diagnostics system. Their system extracted features including “top projected 

canopy area” (TPCA), NDVI and canopy temperature from the captured images and 

demonstrated the possibility to localize water stress severity in a hydroponic cultivation 

system. 

 

6.1.3 Calculated attributes 

 

NDVI 

The first attribute – average NDVI per plant – was derived directly from the histogram 

data by simply averaging all NDVI-pixel intensity values in each (plant-specific) image 

subsection into a single value. The calculated values appeared to be relatively low in 

both wet- and dry-treatment groups, with no statistically significant differences 

observed between them. In this experiment, NDVI ranged approximately between 0.30 

– 0.42, whereas healthy vegetation in natural lighting conditions has been reported to 

typically vary between 0.2 – 0.8 (L3Harris Geospatial 2020a). Observed low values were 

likely due to a suboptimal configuration in the camera module exposure and/or colour 

balance settings, which were manually adjusted before the experiment to avoid pixel 

saturation (overexposure in R- and B-channels). Despite repeated testing procedures, 
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these adjustments may have nonetheless led to underexposure in the captured images, 

and thus lower NDVI-values. Further improvements to the settings might have increased 

the sensitivity/resolution for detecting changes between the treatment groups.  

 

LA 

The second attribute was an approximation on the leaf area (LA) for each plant. Because 

the histogram data extracted from each image contained quantitative information on 

the number of pixels indicating plant tissue, it could also be used to give a rough 

estimate on leaf area. A measuring tape placed in a test image was utilized as a reference 

point for setting a scale value for correlating a number of pixels with a known length in 

centimetres. This scale value was then used to calculate a value for leaf area in cm2 

based on the number of plant tissue pixels. However, as this method was sensitive to 

e.g. diurnal leaf movements, leaf overlapping and geometric image distortions, 

significant estimation errors may have occurred. Because no “ground truth”-data 

through destructive leaf area measurements was available, these values could not be 

validated.  

 

LA/NDVI  

Lastly, the two previously described attributes were combined to generate a third, 

experimental attribute by dividing LA with NDVI. The intention was to amplify the 

drought stress detection “sensitivities” present in NDVI and LA by merging them 

together into a single index value. This index was not based on any previous research or 

scientific hypothesis, but instead was merely an attempt to experiment with alternative 

approaches for detecting drought stress in the imaged plants.  
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6.2 (Early) detection of drought stress 

 

6.2.1 NDVI 

 

Analysis of average NDVI per plant failed to provide cues for early detection of drought 

stress in all three repetitions of the experiment. Data was examined from chronological 

and wilting timepoint-standpoints, but still no reliable results on water deficiency stress 

in the imaged plants could be found. These results were only later confirmed by looking 

into the literature, which led to the realization that NDVI is by no means suitable for 

assessing water content in plant canopy – the spectral wavelengths required to assess 

water content can be primarily found in longer wavelengths, namely in the near/mid 

infrared and thermal infrared regions of the electromagnetic spectrum (Xue and Su 

2017). These wavelengths are known to correlate with absorption features of water 

content in plant canopy and have been utilized in spectral vegetation indices such as 

moisture stress index (MSI), normalized difference infrared index (NDII), normalized 

difference water index (NDWI), (NMDI) or water band index (WBI) (L3Harris Geospatial 

2020b). As NDVI utilizes wavelengths on the visible and NIR regions (at around 637 nm 

and 843 nm in this experiment, respectively), it is incompatible for detecting changes in 

water content in plant leaves. 

Unfortunately, this information was brought to attention during data analysis, only after 

data acquisition-phase of the experiment had been finished and no options for 

conducting further experiments were available. A more thorough literature survey and 

deeper understanding on spectral properties of water deficiency stress in plants would 

have resulted in designing the experimental setup in some other manner, by e.g. 

choosing another stress treatment which could have been detected with NDVI, for 

example salinity or nutrient stress (Beisel et al. 2018). Alternatively, tests on some other 

VIs that utilize the same wavelength bands could be conducted with the same data in 

further studies. 
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6.2.2 LA and LA/NDVI 

 

While the data analysis approaches implemented in this project provided no significant 

results in terms of early detection of drought stress in the plants before any human-

detectable symptoms were present, significant statistical confidence levels were 

nonetheless observed between the values in the two treatment groups in LA and 

LA/NDVI in the chronological comparison. These differences were further amplified by 

data rearrangement in wilting timepoint comparison, which resulted in strong statistical 

differences (up to P < 0.001) at the wilting point (0h) in both LA and LA/NDVI. A 

conclusion was drawn that the system was, therefore, able to at least “verify” the 

presence of drought stress robustly in the imaged plants, albeit no earlier than human 

eye. Incorporating other imaging techniques (e.g. thermal imaging, and/or other 

broad/narrow spectral bands) into the imaging platform design may have improved the 

system’s capability in detecting drought stress. 

 

6.2.3 Machine learning-driven image analysis 

 

A preliminary component of the second subgoal for this project was to develop a system 

in which image acquisition, pre-processing and analysis were to be integrated into the 

RPi as a stand-alone version, representing a “proactive” approach in detecting drought 

stress symptoms in the imaged plants. Such a sophisticated approach might have been 

implemented by deploying advanced machine learning algorithms and neural networks 

to enable instantaneous feature extraction and real-time analysis after each image 

capture. However, as ML-driven image analysis typically involves considerable amounts 

of image-based training data, high demands on computational processing power and 

intensive data validation procedures, it was considered to be outside the scope of this 

project. Furthermore, as certain problems related to limited computer programming 

expertise, available time and resources emerged during the project, a more 

straightforward implementation through self-devised machine vision methods was 

chosen to circumvent these issues. The acquired dataset could, however, be potentially 

utilized in some other, more ML-oriented studies. 
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6.3 Democratization of plant phenotyping  

 

The focus points of global plant phenotyping efforts have for a long time been driven by 

the actors with the best access to the facilities – academic and commercial plant 

breeders, hardware and software manufacturers and gene banks – while many other 

important stakeholders such as farmers and other parties in the society with different 

aims and interests have struggled to reap benefits (Rosenqvist et al. 2019). For example, 

vast amounts of research have been conducted on basic plant biology studies by 

studying model species such as A. thaliana or cereal or oil crop plants, whereas 

significantly less emphasis has been given on vegetable crops (Tripodi et al. 2018). While 

the importance and effort of these studies have by no means been misplaced, complex 

traits such as reproductive organ fertility, photosynthetic capability, biomass 

accumulation, growth rate, uptake of water and nutrients in the roots of plants in field 

conditions, among other important agronomic traits, require further investigation as 

well (Roitsch et al. 2019). 

 

6.3.1 Open-source phenotyping platforms 

 

Over the course of past few decades, the cost of consumer electronics has continued to 

come down and as a result, the availability of inexpensive electronic components has 

given rise to alternative initiatives for conducting plant phenotyping studies through 

more accessible, open-source phenotyping systems. Typically, these systems are small-

scale facilities based on small single-board computers and microprocessors (such as 

Raspberry Pi: https://www.raspberrypi.org/ and Arduino: https://www.arduino.cc/) 

which can be embedded with on-board software libraries to perform tasks similar to 

those conducted in academic plant phenotyping facilities. Similar inexpensive plant 

phenotyping concepts based on the RPi-system such as in this thesis project have been 

explored in studies involving e.g. leaf morphology assessment (Panjvani et al. 2019) and 

rosette growth tracking (Dobrescu et al. 2017). In many cases, these platforms have 

incorporated modules from open-access image processing and analysis software 

libraries to automate and accelerate their tasks. Examples of such libraries include PYM 
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(Valle et al. 2017), PlantCV (Gehan et al. 2017) and Phenotiki (Minervini et al. 2017), 

which can be installed directly on the RPi as stand-alone packages. 

Along with their rapid increase in popularity, the technologies utilized in open-access 

plant phenotyping platforms have also brought about certain problems in scientific 

applications. As described in a literature review by Roitsch et al. (2019), community-

driven initiatives such as PublicLab (https://publiclab.org/) describe and document the 

construction of DIY-oriented concepts including spectrometers, thermal cameras and 

multispectral cameras (such as the imaging system in this project) which can be adapted 

into e.g. various types of environmental research-oriented citizen-science projects. 

However, when translated to more in-depth scientific studies that demand higher 

standards in terms of data quality, robustness and interpretation, aspects related to e.g. 

limited hardware specifications, component calibration procedures, and production 

batch inconsistencies (especially with inexpensive components) pose risks and 

challenges that may render the results incomparable with corresponding studies 

(Roitsch et al. 2019). To alleviate these issues, the authors propose the use and 

documentation of internationally standardized calibration procedures of these 

technologies upon publication, and more cooperated sharing of detailed protocols and 

instrumentation to enable the production of comparable, high-quality phenotyping 

information. 

 

6.3.2 Commercial applications 

 

According to Roitsch et al. (2019), the plant phenotyping approaches and techniques 

utilized in botanical studies (such as those explored in this thesis) could be translated 

into useful applications in farming environments. In fact, such techniques have already 

been incorporated into commercial devices that can be readily introduced to indoor 

plant production systems. These devices take advantage of multiple sensor technologies 

and machine vision techniques that can be harnessed to acquire data on various 

physiological and morphological traits in plants. Furthermore, they may be implemented 

as mobile, autonomously driving robots or drones moving within or above the canopy, 

or as stationary installations to already existing structures such as roof support beams 

or lighting systems.  
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Designed for e.g. growth chambers, laboratories, greenhouses and open fields, the 

PlantEye-system developed by Phenospex (Phenospex B.V., Heerlen, The Netherlands) 

utilizes a combination of multispectral and 3D-imaging sensors in a platform that moves 

on a horizontal plane above the canopy, continuously scanning the crops below. Such a 

system could be easily installed to “tabletop” cultivation systems specializing in e.g. 

small plants such as hydroponically grown potted herbs, salads and microgreens. 

Oriented more towards high-wire cultivation systems, on the other hand, is the 

Plantalyzer-robot, which was developed in collaboration by Wageningen University & 

Research and companies HortiKey (HortiKey B.V., De Lier, The Netherlands) and 

LetsGrow.com (Letsgrow.com B.V., Vlaardingen, The Netherlands). The robot moves 

autonomously on the heating pipe rails located between the canopy rows and scans the 

lower parts of the crops on either side using, producing estimations on tomato crop 

quantity. Lastly, representing a more general approach, these imaging technologies can 

also be integrated into lighting fixtures: Zenith and A3-lighting systems by Agnetix 

(Agnetix Inc., San Diego, CA, USA) can be deployed to monitor plant growth in various 

environments, even in situations where ambient illumination is insufficient for image 

capture. Such a stationary setup could be readily applied to a wide range of CEA-systems 

that necessitate supplementary lighting, including multiple types of greenhouse 

production and vertical farming systems. 
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7 CONCLUSIONS 
 

This project demonstrated the design, construction and testing of a simple plant 

phenotyping system built around a RPi single-board computer. The final assembly 

consisted of a growth chamber with embedded artificial illumination and multispectral 

imaging subsystems. Overall, the structure and developed control system fulfilled the 

necessary requirements for establishing sufficient conditions for plant growth, while 

simultaneously enabling automated image capture in artificial lighting conditions. 

Furthermore, the developed data acquisition and image processing methodologies were 

utilized to acquire an image-based dataset on drought stressed basil plants (and their 

respective controls) and determine whether symptoms related to drought stress could 

be derived purely through image-based data. While the implemented data analysis-

approach failed to provide robust results in terms of early detection of drought stress-

related symptoms, the system was nevertheless able to detect statistically significant 

differences between the two treatment groups over time. NDVI by itself was deemed 

non-suitable for detecting these differences, but strong, statistically significant 

differences at human-annotated wilting point were consistently observed via leaf area 

(LA) and LA/NDVI in all three repetitions of the experiment. Numerous improvements 

to hardware and software design might have enabled reaching the original goal, but 

unfortunately, limitations to available time and resources excluded the possibility for 

further expansions to the design. 

Despite the setbacks faced in this project, the vision of a “speaking plant”-approach in 

greenhouse production coined by Udink ten Cate et al. (1978) might still be closer to 

realization than ever before. Automated, high-throughput, non-destructive data 

acquisition methods and advanced image analysis algorithms utilized in academic plant 

phenotyping and other botanical studies have greatly advanced over the decades and 

are becoming increasingly more available and accessible. Furthermore, increasing 

amounts of commercial applications of image-based crop monitoring devices designed 

for multiple types of plant production systems are currently entering the market. If 

proven viable, such technologies have been proposed to bring about many important 

tools and applications in precision agriculture, especially in CEA-production systems 

such as greenhouse production and vertical farming environments. Combined with 
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traditional sensor technologies (climate and growth substrate sensors) and advanced 

data processing algorithms, they could help unlock an important feedback-control 

element in computer-driven control systems – an objectively measurable, digital 

parameter for crop productivity. In such a system, continuously recorded crop 

productivity data (in parallel with traditional sensor data) could be utilized in 

autonomous decision-making and control system optimization protocols through 

artificial intelligence-driven, cloud-based data processing platforms. Premonitions of 

this can be seen in the ‘Autonomous Greenhouse Challenge’ organized by Wageningen 

University and Research, which has already demonstrated the feasibility of AI-directed, 

economically viable greenhouse production twice: in 2019 with cucumber (Hemming et 

al. 2019), and in 2020 with cherry tomato (Hemming et al. 2020). While image-based 

crop monitoring methodologies may have yet to prove themselves to a typical grower 

and become ubiquitous in commercial plant production, the “speaking plant”-concept 

has nevertheless come a long way by transitioning from a theoretical idea into several 

practical applications. A parameter for crop productivity could thus not only deepen our 

understanding on interactions between physical growth parameters and crop 

quantity/quality in commercial greenhouse production, but also holds the potential for 

realizing a step towards autonomous, data-driven plant factories.  
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