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1 Abstract 8 

The use of a fallow phase is an important tool for maximizing yield potential in moisture limited 9 

environments. There is a focus on ensuring these phases are maintained weed-free as even low 10 

weed densities can be detrimental to fallow efficiency. Repeated whole field herbicide treatment to 11 

control low-density weed populations is expensive and wasteful. Site-specific application of 12 

herbicide treatments to low density fallow weed populations is currently facilitated by sensor-based 13 

devices that detect chlorophyll fluorescence from living plant tissue. The use of image-based weed 14 

detection technology for fallow weed detection is an opportunity to develop an approach that can 15 

be translated for in-crop weed recognition. Here we present the OpenWeedLocator (OWL), an open-16 

source, low-cost image-based approach for fallow weed detection that improves accessibility to this 17 

technology for the weed control community. A comprehensive repository, containing all code and 18 

assembly instructions, has been developed that will allow for community driven improvement over 19 

time. Four different colour-based weed detection algorithms were tested with the OWL system over 20 

seven fallow field scenarios under varying light, soil and stubble conditions. Across all scenarios, the 21 

four algorithms were similarly effective in detecting fallow weeds with average precision and recall 22 

of 79% and 52%, respectively. In individual transects, precision and recall values of up to 92% and 23 

74%, respectively, suggest the potential fallow weed detection performance of the colour-based 24 

system. OWL represents an opportunity to redefine the approach to weed detection by enabling 25 

community-driven technology development and implementation in the weed control industry. 26 

Keywords: Site-specific weed control, open-source, weed detection, fallow weed control 27 
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2 Introduction 29 

In Australian large-scale conservation cropping systems, where growing season rainfall generally 30 

limits crop yields, fallow phases are incorporated in rotations to conserve soil moisture for 31 

subsequent crops (Thomas et al., 2007; Verburg et al., 2012). These phases provide an opportunity 32 

for improved weed and disease control (Ortiz-monasterio and Lobell, 2007; Roget et al., 1987) and 33 

nutrient conservation (Dunsford et al., 2019; Hunt and Kirkegaard, 2011). To maximise stored soil 34 

moisture growers prioritise maintaining weed free fallows (Fernandez et al., 2008), which frequently 35 

results in repeated applications of whole-field herbicide treatments to low density (<1.0 plants 10 m-36 

2) weed populations. The development of reflectance and fluorescence-based weed detection 37 

technologies that enabled site-specific weed control (SSWC) of low weed densities in fallow fields, 38 

began in the early 1980s (Felton et al., 1991; Haggar et al., 1983; Shearer and Jones, 1991; Visser and 39 

Timmermans, 1996) (for an overview see review by Peteinatos et al., [2014]). As all living plants in 40 

fallows are considered weeds, these detection systems use spectral filters and photodiode sensors 41 

to detect chlorophyll fluorescence (Visser and Timmermans, 1996). For over two decades sensor-42 

based weed detection has been used in the development of spot-spraying systems that are now 43 

widely used for fallow weed control by Australian growers (Mccarthy et al., 2010; SPAA, 2016). 44 

These spot-spraying systems can effectively control low density weed populations to realise weed 45 

control savings of up to 90% (Timmermann et al., 2003).  46 

The effective application of site-specific treatments has enabled a more efficient approach to fallow 47 

weed control and created interest in the development of this approach for in-crop use. In addressing 48 

the threat of herbicide resistant weed populations in their production systems, Australian growers 49 

have been reducing in-crop weed densities through the diligent use of diverse weed control 50 

treatments (Peterson et al., 2018). Low in-crop weed densities have increased the interest in 51 

specifically targeting these weeds to achieve similar savings in weed control inputs as those realised 52 

with fallow SSWC. However, sensor-based fallow weed detection technologies are only suitable for 53 

detecting growing plants, with little opportunity for further development to discriminate between 54 

crop and weed plants (Mccarthy et al., 2010; Peteinatos et al., 2014). The use of digital, visual 55 

spectrum imagery has long been identified as an approach to collect the type and quantity of data 56 

required for accurate discrimination between crop and weed plants (Thompson et al., 1991; 57 

Woebbecke et al., 1995a). Imaging sensors offer detailed data streams with standard, visible 58 

spectrum digital cameras providing three channels (red, green and blue [RGB] images) of spatial and 59 

spectral intensity information. The richer data collected by these systems can be used for the more 60 

challenging task of in-crop weed recognition, with substantial research efforts focussed on 61 

developing this opportunity for large-scale systems (as reviewed in Wang et al., [2019]).  62 
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The introduction of durable, small-scale, low-cost computing and digital camera systems has created 63 

the potential to develop simple algorithm-based weed detection systems for fallow weed control in 64 

large-scale cropping systems. The Raspberry Pi is an example of a low-cost single board computer 65 

that was developed as a teaching resource to promote computer science in schools (Severance, 66 

2013). When coupled with a digital camera, the Raspberry Pi can be used in simple computer vision 67 

related tasks, including fallow and in-crop weed detection. For fallow weed detection, where 68 

differences between the target weed and soil or stubble background are clear, simple plant colour-69 

based detection methods may be sufficient for SSWC. A number of studies have developed weed 70 

detection algorithms based on specific plant features such as colour (Burks et al., 2000; Esau et al., 71 

2018; Woebbecke et al., 1995a), shape (Lee et al., 1999; Woebbecke et al., 1995b), texture (Chang et 72 

al., 2012; Tian and Reid, 1999) or a combination of these features (Burgos-Artizzu et al., 2011; 73 

Golzarian and Frick, 2011; Kavdir, 2004). Importantly, non-machine learning algorithms typically 74 

have lower computational requirements and perform faster on less powerful processors, such as the 75 

Raspberry Pi, improving the likelihood of real-time operation in large-scale cropping systems 76 

(Chechliński et al., 2019; Tufail et al., 2021). Critically, the computational requirements of the 77 

algorithm determine the framerate and hence the real-time capability of the device. Coupling low-78 

cost hardware with an open-source and community led approach to software development provides 79 

an opportunity to rapidly progress the development of these technologies for weed detection in 80 

cropping systems. Similar approaches have been effective in industries including medical research 81 

(Pearce, 2016), autonomous vehicles (Agarwal et al., 2020), machine learning (Pereira, 2007) and 82 

implemented by software companies such as Microsoft (Kochhar et al., 2019). 83 

Image-based weed recognition for SSWC represents a fundamental shift in the approach to weed 84 

control for large-scale growers in Australia. A practical understanding of the limitations and realistic 85 

opportunities of this new approach by growers and the wider weed control community is an 86 

important aspect of the effective development and use of this new technology. Growers are 87 

generally regarded as Bayesian learners, where an understanding of technology is best achieved 88 

through practical “hands-on” use (Watcharaanantapong et al., 2014). The general objective of this 89 

research was to develop a simple colour algorithm based, open-source and low-cost option for weed 90 

detection in fallow fields, with potential for upgrades and improvement with future software and 91 

hardware innovations. Specifically, we aimed to (1) develop the OpenWeedLocator (OWL) as a low-92 

cost image-based weed detection system; (2) advance weed control industry understanding and 93 

familiarity in the use of digital image-based weed detection systems; and (3) confirm the baseline 94 

efficacy of colour-based algorithms for fallow weed detection using the OWL device in field settings.  95 
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3 Materials and Methods 96 

3.1 OpenWeedLocator system overview 97 

Five key design parameters for the OWL units were identified that facilitated the development of 98 

OWL units within the scope of improving community understanding and familiarity with use of 99 

imaging and algorithm-based weed detection systems. Specifically, the OWL platform needed to 100 

include (1) low-cost and accessible “off-the-shelf” hardware components; (2) simple designs with 101 

minimal use of specialised electrical tools; (3) 3D printable enclosures and mounts for accessible and 102 

customisable production; (4) modular and simple image-based software for ease of contribution and 103 

explanation; and (5) performance at relevant levels for weed detection in fallow scenarios, 104 

addressed in the algorithm assessment component of this research.  105 

The image processing components of OWL consist of a Raspberry Pi 4 (Raspberry Pi Foundation, 106 

Cambridge, UK) 8 GB computer coupled to a Raspberry Pi HQ Camera with a Sony IMX477 CMOS 107 

sensor. This camera provides a maximum sensor resolution of 4056 x 3040 pixels with a 7.9 mm 108 

optical format and a rolling shutter. Images are resized to 416 x 320 pixels to ensure high processing 109 

throughput on the Raspberry Pi platform. The HQ camera connects to the Raspberry Pi using the 110 

camera serial interface (CSI) cable and port, whilst operating the camera is completed with the 111 

inbuilt picamera Python API. A 6 mm focal length C/CS lens (Raspberry Pi Foundation) was used with 112 

the camera, providing a 1 m horizontal field of view (FOV) on the ground at an operational height of 113 

0.82 m above the soil surface. Camera settings, including white balance, exposure and shutter 114 

speed, remained automatic as default, whilst focus was set manually during setup of the system. 115 

Based on the detection outputs from the selected algorithm, the pixel coordinates of each detection 116 

determine the allocation to one of four 25 cm wide zones covering the 1 m on-ground FOV. A unique 117 

general purpose input/output (GPIO) pin is assigned to each zone, which is activated for a specified 118 

duration if the weed is detected within that zone. A generic and low-cost relay control board enables 119 

the low current, low voltage GPIO signal to drive higher power devices including, but not limited to, 120 

water and hydraulic solenoids for targeted weed control, such as spot spraying or site-specific tillage 121 

(Figure 1). The system is powered by a 12V DC input with a voltage regulator (POLOLU-4091; Pololu 122 

Corporation, Las Vegas, NV, USA) providing 5V power to the Raspberry Pi and associated 123 

components. Although optional for the purposes of weed control, we also included a real time clock 124 

(RTC) module (ADA3386; Adafruit Industries, New York, NY, USA), a buzzer and several LEDs in our 125 

test system for timekeeping, system alerts and monitoring system status, respectively. The Python 126 

code and detailed installation instructions are provided in the OWL open-source repository 127 

(https://github.com/geezacoleman/OpenWeedLocator). 128 
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 129 

Figure 1 Overview of the OpenWeedLocator (OWL) (a) software and (b) hardware, which combines 130 

weed detection with an actionable output. Detection is achieved with a Raspberry Pi 4 8 GB and HQ 131 

camera with actuation achieved using 12 V relays on the relay control board. A real time clock (RTC) 132 

module is used for accurate timekeeping. A 12 V DC source is required to power the system, with a 133 

voltage regulator providing 5V power for the Raspberry Pi computer. A six-pin weatherproof 134 

connector is used to connect the OWL unit to the 12 V power supply and to connect the relays to 135 

four external devices. The buzzer and LEDs provide status information. 136 

3.2 Field data collection 137 

Video data were collected in cropping fields with varying weed plant morphology and density, and 138 

different background conditions of soil colour, stubble and lighting for the evaluation of four 139 

separate colour-based algorithms. The collection of data was designed to replicate the in-field video 140 

environment of the OWL unit as closely as practicable. Videos were collected using a handheld 141 
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apparatus (Figure 2), which enabled concurrent collection of video data from two Raspberry Pi HQ 142 

cameras. Algorithms were selected via a rotary switch for each transect. Both computer-camera 143 

pairs were powered with a 12 V battery and a 5 V, 5 A voltage regulator (POLOLU-4091; Pololu 144 

Corporation). Recorded videos as well as average frame rates were stored on the onboard 64 GB 145 

micro-SD card and offloaded after each data collection. Real time clock modules (ADA3386; Adafruit 146 

Industries) ensured accurate timestamps of recorded videos. Five transects were recorded in 147 

daylight at five distinct field locations (Figure 3), with a further two sites (including one used for 148 

daylight collection) used for collection of video data under artificial illumination with a Stedi C-4 149 

Black Edition LED Light Cube. The 40W light provides 4,200 Lm with a colour temperature of 5700 K 150 

and similar field of illumination to the FOV of the camera. The field sites represented likely use cases 151 

for fallow weed control, including canola, barley and wheat stubble and tilled soil at six locations in 152 

southern New South Wales, Australia (Table 1). Transects of 50 m were traversed by walking at a 153 

target speed of approximately 4 km h-1, with the walking time for each transect recorded to 154 

determine true average speed (Table 1). Based on the 1 m FOV of the camera each transect covered 155 

a total area of 50 m2, which was used to calculate weed density. Visual, qualitative assessments of 156 

weed size and dominant weed species were recorded for each location (Table 1). 157 

 158 
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 159 

Figure 2 Video data collection apparatus capable of collecting concurrent video streams with two 160 

Raspberry Pi 4 8GB computers and Raspberry Pi High Quality cameras. A rotary switch enables the 161 

selection of algorithm during the recording for representative frame rates, while a switch allows for 162 

control of video recording. A 12 V battery supplies power to the Raspberry Pi computers via a 12 – 5 163 

VDC converter and external lighting is provided by a Stedi 40 W light if required. Real-time clock 164 

(RTC) modules ensured accurate recording times were maintained. 165 
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Table 1 Summary of field locations, weed species, background conditions, weed growth stage range and image collection speeds (n = 5) in fields used for 166 

video data collection and analysis.  167 

Field ID Location 

 

Coordinates Light conditions Background Weeds present Weed density 

(plants m-2) 

Weed growth stages  Average speed 

(m s-1 ± SE) 

HEN1 Henty, NSW 

 

-35.517102, 

147.034436 

Clear, morning 

full sun 

Canola stubble, red-

orange soil 

Sowthistle (Sonchus oleraceus), volunteer canola 

(Brassica napus), annual ryegrass (Lolium rigidum), 

volunteer faba bean (Vicia faba) 

3.1 2-leaf to flowering 1.14 ± 0.02 

HEN2 Henty, NSW -35.517102, 

147.034436 

Clear, afternoon 

full sun 

Heavy wheat stubble, 

red soil 

Volunteer wheat (Triticum aestivum), sowthistle, 

annual ryegrass 

9.3 2-leaf to late 

tillering 

1.16 ± 0.01 

WAG1 Wagga Wagga, 

NSW 

-35.056986, 

147.351146 

Clear, morning 

full sun 

Lupin stubble, red-

orange soil 

Volunteer narrowleaf lupins (Lupinus angustifolius), 

sowthistle 

18.7 2-leaf to flowering 1.14 ± 0.01 

WAG2 Wagga Wagga, 

NSW 

-35.056986, 

147.351146 

Clear, morning 

full sun 

Grazed barley stubble Volunteer barley (Hordeum vulgare), sowthistle 3.3 2-leaf to 8-leaf 1.24 ± 0.03 

COB1 Cobbitty, NSW -34.021914, 

150.662655 

Overcast Dark brown soil, 

freshly tilled, no soil 

cover 

Wild radish (Raphanus raphanistrum), fumitory 

(Fumaria officinalis), large crabgrass (Digitaria 

sanguinalis), billygoat weed (Ageratum conyzoides), 

stagger weed (Stachys arvensis) 

9.8 Cotyledon to 6-leaf 1.07 ± 0.01 

NIGHT1 Culcairn, NSW -35.667692, 

147.036800 

Night Canola stubble Sowthistle, khaki weed (Alternanthera pungens), 

awnless barnyardgrass (Echinocloa colona), annual 

ryegrass, common catsear (Hypochaeris radicata) 

9.6 2-leaf to flowering 1.23 ± 0.01 

NIGT2 Cobbitty, NSW -34.021914, 

150.662655 

Night Dark brown soil, 

freshly tilled, no soil 

cover 

Wild radish, fumitory, large crabgrass, billygoat weed, 

stagger weed 

7.8 Cotyledon to 6-leaf 0.83 ± 0.01 

168 
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3.3 Evaluation of weed detection algorithms 169 

Four colour-based algorithms that exploited the greenness of weeds for detection were tested: (1) 170 

raw excess green (ExG); (2) normalised excess green (NExG); (3) hue, saturation, value (HSV); and (4) 171 

a combined ExG and HSV algorithm (ExHSV) (Figure 4). Algorithm indices were calculated on a frame-172 

by-frame basis by splitting each image into colour channels. Thresholds were then applied in 173 

conjunction with morphological operations to remove image noise. Remaining areas were marked as 174 

positive detections. All image processing software was written in Python 3.6 (Van Rossum and 175 

Drake, 2009) and completed using OpenCV (Bradski, 2000), NumPy (Harris et al., 2020) and imutils 176 

(Rosebrock, 2015) in addition to inbuilt libraries.  177 

178 

Figure 3 Representative images of the variable background and lighting conditions for seven image 179 

collection scenarios, (a) HEN1, (B) HEN2, (c) NIGHT1, (d) NIGHT2, (e) WAG1, (f) WAG2 and (g) COB1, 180 

used to evaluate the performance of colour-based weed detection.  181 

For (1) ExG, the algorithm is adapted from Woebbecke et al., (1995a): 182 

 𝐸𝑥𝐺 =  2𝐺 − 𝑅 − 𝐵 Eq. 1 

Where G, R and B represent the raw pixel intensities for the green, red and blue channels, 183 

respectively of the digital camera image. The raw channel intensities may be influenced by 184 

environmental lighting conditions, which can be minimised by normalising individual channel values 185 

by the sum of all channels: 186 

 
𝑟 =

𝑅

𝑅 + 𝐺 + 𝐵
,     𝑔 =  

𝐺

𝑅 + 𝐺 + 𝐵
,    𝑏 =  

𝐵

𝑅 + 𝐺 + 𝐵
 

 

Eq. 2 
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The resultant values from 0 to 1 were scaled by 255. The (2) NExG algorithm was calculated using 187 

the normalized channel intensities: 188 

 𝑁𝐸𝑥𝐺 = 2𝑔 − 𝑟 − 𝑏 Eq. 3 

On the resultant grayscale image within the threshold bounds of both ExG and NExG, an adaptive 189 

threshold was applied generating a binary (black and white only) masking image. 190 

For (3) HSV, the colour space was converted from the RGB colour space to HSV using inbuilt OpenCV 191 

functions, with thresholds applied to each of the channels (Table 2). The minimum and maximum 192 

values for each threshold were manually selected to minimise over sensitivity, whilst maximising the 193 

number of true positives. The combined (4) ExHSV algorithm required a value to be both within the 194 

NExG threshold and the HSV binary region. 195 

For the resultant binary images, the within-image coordinates and size of each detection were 196 

returned for allocation to specific activation zones (Figure 1a). The frame rates for each algorithm 197 

were recorded over five separate transects each 60 s in duration to ensure consistency in reporting.  198 

 199 

Figure 4 Overview of the frame-by-frame analysis process. Each 416 x 320 image is split into either 200 

red, green and blue (RGB) or hue, saturation and value (HSV) channels, and the ExG, NExG, ExHSV or 201 

HSV algorithm applied. A defined threshold is applied to the processed image followed by an 202 

adaptive threshold on the result (except HSV which is already binary) followed by contour detection 203 

and the generation of minimum enclosing rectangles for weed centre calculation. 204 



11 
 

3.4 Video analysis of algorithm performance 205 

Collected videos were analysed using standard, desktop computers on a frame-by-frame basis. A 206 

high-definition video of the transect was used to count all weeds within the field of view. Each frame 207 

was then analysed using the respective algorithms and threshold settings (Table 2). True and false 208 

positives were recorded by comparing with the high-definition video. Algorithm performance was 209 

measured by calculating recall (Eq. 4) and precision (Eq. 5). Recall refers to the proportion of weeds 210 

detected when compared with all those present in the transect. Precision refers to the proportion of 211 

detections that were correct. 212 

 
𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑊𝑒𝑒𝑑𝑠 𝑃𝑟𝑒𝑠𝑒𝑛𝑡
 

Eq. 4 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 

Eq. 5 

   

 

Table 2 Threshold parameters used for each of the four algorithms, where relevant. Values 213 

represent pixel intensities for zero-indexed 8-bit arrays with a range of 0 to 255. Pixel values that did 214 

not sit within the ranges were excluded, hence leaving only green pixels as the detected object. 215 

Separate thresholds were used for the day and night videos. A minimum object size was 216 

implemented to reduce noise and is based on the area of each detected object. Values were 217 

selected manually to optimize algorithm performance. 218 

 Day Night 

 ExG/NExG ExHSV HSV ExG/NExG ExHSV HSV 

Parameters Min Max Min Max Min Max Min Max Min Max Min Max 

ExG 13 200 13 200 - - 29 200 29 200 - - 

Hue - - 30 92 35 84 - - 30 92 45 80 

Saturation - - 4 250 10 220 - - 10 250 75 200 

Value - - 15 250 50 200 - - 60 250 46 240 

Object Size (pixels) 10 - 10 - 10 - 10 - 10 - 10 - 

  219 
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3.5 Statistical analysis 220 

A one-way analysis of variance (ANOVA) was used to compare means of precision, recall and 221 

framerates across all fields implemented in RStudio (R Core Team, 2019; RStudio Team, 2015). The 222 

Shapiro-Wilkes test (P > 0.05) was used to test for normality. Precision data were transformed using 223 

a fifth power due to a negative skew in the distribution. Homogeneity of variance for recall and the 224 

transformed precision data were assessed with the Bartlett (P > 0.05) and Fligner-Killeen tests (P > 225 

0.05). Data were visualised with ggplot2 (Wickham, 2016) in RStudio. Pair-wise comparisons of 226 

framerates were made with the Agricolae package (de Mendiburu, 2020). 227 

4 Results 228 

4.1 OpenWeedLocator development 229 

OWL enables weed detection and potential targeting by integrating the within-image location of 230 

each detected weed with a defined channel (GPIO pin) on the Raspberry Pi and subsequently a relay 231 

on the connected relay board. To address the first three design parameters, four OWL units were 232 

assembled using simple, “off-the-shelf” and low-cost items, with an approximate cost of AU$400 per 233 

unit. The critical components in the system, namely the Raspberry Pi, camera, voltage regulator and 234 

relay control board are easily accessible due to their extensive use in other industries. Activating an 235 

OWL unit requires connection to a 12V DC power source, a voltage commonly available on most 236 

vehicles and powered farm equipment. The design is simple to assemble with minimal soldering or 237 

specialist tools required. It is also modular, with the ability to replace individual components and 238 

maintain functionality without changes to form or software. For example, given the use of generic 239 

GPIO-based trigger of the relay control board, the Raspberry Pi could be swapped with other 240 

embedded computers such as the Jetson Nano or Jetson Xavier for access to more powerful 241 

processing without substantial changes to software or hardware. Internally, all electrical connections 242 

are made using terminal blocks and press fit connections. The OWL enclosure and all mounting parts 243 

are 3D printable and all 3D model files are freely available for use and customisation 244 

(https://www.tinkercad.com/things/3An6a3MtL9C). An important aspect of using widely accessible 245 

components is the existing widespread support by the ‘maker’ community with respect to more 246 

general issues and upgrades of Raspberry Pi hardware and Python software. These resources 247 

improve problem solving availability for end users with reduced risk of obsolescence.  248 

The fourth design parameter, the modularity, customisability and interpretability of the OWL 249 

detection and actuation software, was the focus of software development. The Python language-250 

based software enables the selection of all tested algorithms, adjustment of threshold parameters, 251 

minimum detection size requirements (in pixels) and other features, such as frame saving for dataset 252 



13 
 

development, video recording and visualisation of the detection process. The incorporation of new 253 

algorithms is fundamental to ongoing development. The modular design of the software allows new 254 

algorithms to only require an image as an input and return a grayscale image as an output. This 255 

allows further improvements or additions of new algorithms to be made easily without restructuring 256 

of the code base.  257 

The OWL system is supported by an open-source software repository to create a pathway for 258 

feedback and ongoing development, whilst providing a practical device on which to learn about 259 

image-based weed detection. Specific instructions and extensive guides are available for self-guided 260 

assembly, with the widely used platform GitHub selected as an avenue to engage with community 261 

feedback and development whilst providing accessibility to the code and instructions 262 

(https://github.com/geezacoleman/OpenWeedLocator). The online platform also supports logging of 263 

issues and tracking of changes over time with the release of new software versions as improvements 264 

are incorporated.  265 

4.2 Performance of colour-based weed detection algorithms 266 

The four algorithms performed equally well across the seven fields, with no statistical differences 267 

found for either the precision or the recall (P > 0.05) (Figure 5). The mean recall – the percentage of 268 

true weeds detected – was 52.2 ± 5.1% (mean ± SEM) whilst the mean precision – the proportion of 269 

detections that were correct – was 78.8 ± 3.6% (mean ± SEM). Across the seven transects, median 270 

recall rates for ExG, NExG, HSV and ExHSV were 68.1, 45.5, 47.0 and 47.7%, respectively. Median 271 

precision values were 70.2, 90.6, 96.6 and 91.1%, respectively. Although no algorithm clearly 272 

outperformed the others, ExG appeared more sensitive to weed detection, albeit with reduced 273 

precision. HSV and ExHSV appeared to have lower rates of false positive detections (Figure 5). In five 274 

of the seven transects, the maximum recall was observed with the ExG algorithm (Table 3). In all five 275 

daylight transects, ExHSV had the maximum precision, whilst HSV had precision of 100% in both 276 

night-time, artificially illuminated transects. The normalised ExG algorithm (NExG) did not 277 

outperform the other three algorithms in any of the transects for any performance metric, with 278 

complete loss of detection under NIGHT2 conditions using the parameters tested.  279 

Across the seven fields, the performance of the weed detection algorithms varied substantially 280 

(Table 3). The minimum precision for all algorithms tested was found in field HEN1 whilst the 281 

maximum precision was found in WAG1. HEN1 had substantial canola stubble present (Figure 3a), 282 

which under strong sunlight conditions resulted in bright white reflections and frequent false 283 

positive detections (indicated by mean precision of 26.6 ± 4.3%). WAG1 on the other hand had a 284 
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high weed density, sparser lupin stubble and red soil (Figure 3e), resulting in a reduced rate of false 285 

positive detections (indicated by mean precision of 95.65 ± 1.5%).  286 

 287 

 288 

Figure 5 Comparison of weed detection performance metrics precision and recall across ExG, NExG, 289 

HSV and ExHSV algorithms. Values presented are based on all seven field sites visited to indicate 290 

variability with the boxplots presenting the median and interquartile range with the boxes, and the 291 

range and outlier points if more than 1.5 times the interquartile range with the lines and points. 292 

 293 

Table 3 Summary of algorithm performance across seven field test sites during the day (n = 5) and 294 

night (n = 2) with artificial lighting using precision and recall. The highest result for each performance 295 

metric within each field is bolded.  296 

Algorithm ExG NExG HSV ExHSV 

Location Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%) Precision (%) Recall (%) 

HEN1 18.0 94.7 27.7 75.8 22.6 76.3 37.9 71.6 

HEN2 46.5 73.2 90.2 53.3 87.7 50.5 94.4 54.4 

WAG1 91.8 73.8 95.1 47.8 96.6 39.9 99.1 47.7 

WAG2 70.2 68.1 90.9 36.1 91.0 48.8 91.1 43.4 

COB1 98.0 39.3 98.0 20.2 100 47.0 100 23.1 

NIGHT1 64.5 48.9 47.7 42.5 100 23.8 80.6 34.7 

NIGHT2 96.4 62.7 - - 100 35.7 90.6 76.6 

  297 
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Given the colour-based nature of the algorithms, small sowthistle (Sonchus oleraceus) that was grey-298 

green or purple-green in colour was not well detected (Figure 6). Similarly, the thin leaves of small 299 

rigid ryegrass (Lolium rigidum) and other grass weeds, including volunteer wheat (Triticum aestivum) 300 

and barley (Hordeum vulgare), were poorly detected and often missed. Small, medium and large 301 

broadleaf weeds with strong green colouring, including wild radish (Raphanus raphanistrum), 302 

sowthistle, volunteer canola (Brassica napus), volunteer faba bean (Vicia faba), billygoat weed 303 

(Ageratum conyzoides) and catsear (Hypochaeris radiata), were confidently detected, however, 304 

obstruction by heavy stubble increased the likelihood of the weed being missed. 305 

Frame rates were recorded to assess the processing demand of each algorithm and the likelihood of 306 

real-time operation. This is important for OWL, given the relatively limited processing power of the 307 

Raspberry Pi. HSV had the highest framerate of 35.3 FPS (P < 0.01), indicating that it had the lowest 308 

processing requirements. ExG had the second highest framerate of 22.6 FPS (P < 0.01), whilst ExHSV 309 

and NExG were the slowest of the algorithms with framerates of 15.4 FPS and 16.6 FPS, respectively.  310 
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311 

Figure 6 Representative weeds that were either correctly detected (green) or missed (red) at each of 312 

the seven field sites based on the ExHSV algorithm. Images of weeds shown were taken directly from 313 

concurrent video collected with a Samsung S8 phone camera and have not been rescaled, suggesting 314 

relative size is accurate.  315 
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5 Discussion 316 

5.1 OpenWeedLocator and weed recognition technology development 317 

OWL capitalises on recent developments of low cost and small form factor computing systems, 318 

digital imaging sensors, so-called “maker” hardware and open-source software packages. The 319 

original Raspberry Pi computer was released in 2012 with the explicit focus of teaching basic 320 

computer science to young people (Severance, 2013). Technological advancements to the Raspberry 321 

Pi system in the years since, including more powerful processors, increased memory, and 322 

networking capabilities, have allowed for increasingly complex projects to be developed using the 323 

system. This has led to a large online community of “makers”, who have found a multitude of uses 324 

for the Raspberry Pi, ranging from environmental monitoring (Ferdoush and Li, 2014) to cloud 325 

computing infrastructure (Tso et al., 2013), and who, with the help of platforms such as GitHub and 326 

StackOverflow, can provide support for hardware and software related issues and improve the 327 

development process (Vasilescu et al., 2013). The Raspberry Pi was an obvious choice for preliminary 328 

development of OWL, due to its widespread availability, low-cost, educational roots, interfacing 329 

options (through GPIO pins) and computational power, as well as existing and extensive online 330 

support communities. Coupling the GPIO pins of the Raspberry Pi with a relay control board makes 331 

identifiable interactions between the camera input, image-based detection output and actuation. 332 

The use of the OWL for SSWC requires coupling with external actuators such as water solenoid 333 

valves for spot spraying. Alternatively, other non-chemical SSWC devices could be used, including 334 

hydraulic solenoids such as those on a targeted tillage platform (Walsh et al., 2020). The OWL 335 

platform combines simple assembly and software designs with practical fallow field detection 336 

outcomes.  337 

OWL represents a novel opportunity for community-driven development of weed recognition 338 

capability using existing ‘off-the-shelf’ hardware and simple yet effective image-based algorithms. 339 

The combination of the OWL device, supporting documentation and repository create a channel for 340 

practical education of key image-based weed detection and actuation concepts for growers and the 341 

wider weed control community. The topic is of particular importance now, given the emergence of 342 

image-based in-crop weed recognition technologies. OWL has been designed as a community 343 

focussed educational platform that will grow over time. The platform relies heavily on the principles 344 

of first- and second-order learning (Adler and Clark, 1991). The term “first-order learning" refers to 345 

the education of growers, where users of a new technology learn with hands-on experience, in this 346 

case how image-based weed detection systems work by building and using an OWL unit. Early 347 

exposure to novel precision agricultural technologies in this manner has been shown to be strongly 348 

correlated with the adoption of new precision agricultural tools (Watcharaanantapong et al., 2014). 349 
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The term “second-order learning” refers to the education of SSWC technology developers based 350 

upon feedback from users and specific user needs. This has also been coined the “learning by using” 351 

approach (Rosenberg, 1982). The open-source availability facilitates such an approach, allowing 352 

continual development of OWL, weed recognition technologies more generally, and ongoing 353 

educational opportunities for the broader weed control community. Similar open-source approaches 354 

to software and hardware development have been used successfully in other industries, including 355 

machine learning (Abadi et al., 2016; Paszke et al., 2019; Pereira, 2007), medical sciences (Pearce, 356 

2016; Tournier et al., 2019), scientific imaging (Fischl, 2012; Schindelin et al., 2015) and autonomous 357 

driving (Goldfain et al., 2019; Kato et al., 2018) to improve development speed, adoption of 358 

technology, reproducibility and error management (Challet and Du, 2005; Kochhar et al., 2019). In 359 

agriculture, practical implementations of grower-ready open-source systems are more limited, 360 

though include AgOpenGPS (Tischler, 2021) and FarmOS (Stenta, 2021), and now OWL. The GitHub 361 

platform selected for engagement with growers enables both the dissemination of instructions in an 362 

easy-to-read format and facilitates community contribution through licensed replication, adjustment 363 

and change tracking and has been successfully used in the transition of closed source to open source 364 

software (Kochhar et al., 2019). The approach is in line with similar open-source dataset and code 365 

publications such DeepWeeds (Olsen et al., 2019), pybonirob (Chebrolu et al., 2017) and 366 

OpenSourceOV (Brodribb et al., 2017). 367 

 368 

5.2 Performance of colour-based weed detection algorithms 369 

To set a baseline for performance against highly variable conditions likely expected in field use-370 

cases, algorithms were assessed across seven different fallow scenarios. Despite the challenging 371 

scenarios and low cost of hardware, maximum rates of precision of 100% and recall of 94.7% were 372 

recorded by ExHSV/HSV and ExG algorithms, respectively, demonstrating clear potential for the use 373 

of image-based weed detection in fallow systems. Precision and recall means across all fields were 374 

lower than expected, likely a result of established limitations of using colour-only algorithms in 375 

highly complex and diverse environmental conditions with variable weed colour (Hamuda et al., 376 

2016; Wang et al., 2019). Based on qualitative assessment of weed characteristics, it is likely that 377 

variable weed appearance, in particular stressed, purple-green sowthistle and thin grass weeds on 378 

diverse soil and stubble backgrounds, contributed to the reduced performance of colour-only 379 

algorithms. Factors such as image blur, resulting from slow shutter speeds and the rolling shutter of 380 

the Raspberry Pi HQ camera are likely to have contributed to low recall. High image blur results in 381 

the green pixels from small or thin-leaved weeds being averaged with neighbouring background 382 

pixels, resulting in missed detections and poorer performance of colour-based algorithms (Zheng et 383 
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al., 2017). Immediate improvements would likely be observed with more advanced global shutter 384 

cameras and brighter, more uniform illumination for faster shutter speeds (El-Desouki et al., 2009). 385 

Deep learning algorithms have been found to be more tolerant to blur, lighting and colour variability 386 

(Hu et al., 2021), though would likely run too slow on Raspberry Pi devices. However, the modular 387 

nature of the OWL system allows future versions to utilise more powerful processors running more 388 

advanced algorithms. 389 

Whilst no differences (P > 0.05) were found among algorithms when compared across all seven 390 

transects, trends in performance and algorithm variability suggested field-scale differences in 391 

performance would be likely. ExG appeared more sensitive to weed detection than the other 392 

algorithms, which would result in fewer weeds being missed. The low variability in precision of 393 

ExHSV, coupled with the ability to refine sensitivity in two colour spaces suggests it is a better option 394 

for large-scale weed detection in environments where weeds are large and green. Similarly, 395 

Kawamura et al., (2021) found combining HSV and ExG features improved performance of a machine 396 

learning model over other models trained on HSV alone. Using ExG instead of NExG in the composite 397 

ExHSV algorithm may be advantageous based on the results presented here, however, Woebbecke 398 

et al., (1995a) found non-normalized RGB chromatic coordinates to be highly variable, resulting in 399 

poorer performance. Additionally, managing bright reflection from white stubble is critical in 400 

environments with bright sunlight, where the use of specular reflection management approaches 401 

such as that developed by Morgand and Tamaazousti (2014), would likely reduce false positives in 402 

heavy stubble conditions. Nevertheless, under current settings it appears that the precision of ExHSV 403 

offers a reduced risk of excessive false positives in stubble. Further analyses with more field trials in 404 

defined environments would improve our ability to confidently determine the most effective 405 

algorithm, however, the adjustment of colour-based algorithms to suit individual environmental 406 

circumstances is a well-known drawback of these approaches (Hamuda et al., 2016). This may be 407 

required for consistently effective use as a fallow weed control tool. The benefit of OWL is that there 408 

are opportunities to include additional reduced sensitivity options when used under brightly sunlit, 409 

heavy stubble conditions, such as those at field site HEN1, where precision across all algorithms is 410 

substantially reduced. Whilst the very high precision recorded for all algorithms at the WAG1 field 411 

site is encouraging, the result is likely due to the high density of weeds, where the frame is already 412 

filled by green objects with few opportunities for false positives. Based on the experiences of other 413 

industries, the use of image-based weed detection is likely to expand based on community interest 414 

and involvement from open-source availability, leading to rapid progression in SSWC for fallow crop 415 

production systems. 416 

 417 
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On embedded devices such as the Raspberry Pi, the processing speed, as measured here as the 418 

framerate of each algorithm, is an important metric to determine maximum possible forward speed 419 

for real-time use. The low framerates at which ExHSV and NExG run highlight the increased 420 

computational demand of these algorithms compared to HSV and ExG. HSV ran at the highest 421 

framerate, which is likely due to the binary output image (black and white only) not requiring an 422 

additional computationally expensive adaptive threshold. This finding is contrary to Woebbecke et 423 

al., (1995a), where HSV was found to be more computationally expensive, however, the evaluation 424 

in that study was based purely on defined thresholds rather than a combination of both defined and 425 

adaptive thresholds. Previous methods of green-based differentiation have employed Otsu’s 426 

thresholding (Burgos-Artizzu et al., 2011), where the appropriate threshold value is determined 427 

algorithmically based on image content. In large-scale, fallow scenarios where weeds are infrequent, 428 

relying solely on adaptive thresholds such as this may result in false positives when no clear green 429 

signal is provided by the selected algorithm. The combination of defined and adaptive thresholds in 430 

ExG, NExG and ExHSV was used in this study to better determine weed presence where weeds are 431 

infrequent. It is highly unlikely that framerate is a limiting factor for OWL, with real-time operation in 432 

large-scale systems (forward speed dependent) observed at framerates above 6 FPS for other 433 

systems (Burgos-Artizzu et al., 2011; Chechliński et al., 2019; Milioto et al., 2018; Olsen et al., 2019; 434 

Tufail et al., 2021), with current commercial systems operating at 17 FPS for forward speeds above 435 

6.67 m s-1 (Martin, 2021). The performance of algorithms in the field is likely also dependent on the 436 

ambient lighting conditions, which in turn influence the blurriness of the video feed. Optimising 437 

these factors and measuring impacts will be important in determining the most effective weed 438 

detection algorithm for fallow scenarios.  439 

6 Conclusion 440 

The development of lower cost, smaller form factor and higher power computing is generating 441 

opportunities to deploy more accessible weed recognition technologies and embrace the potential 442 

for education and engagement that open-source software and hardware brings. OWL has immediate 443 

applications as a low-cost image-based algorithm driven fallow weed detection device for large-scale 444 

crop production systems. The open-source and community-driven nature of the system enables 445 

ongoing development and opportunities to further increase the complexity of detection possibilities 446 

and reliability by upgrading the algorithms, embedded computer and camera hardware, and system 447 

settings. The results presented here of colour-based algorithms in seven separate field transects 448 

under both day (full sun, overcast) and night (artificial lighting) demonstrate the baseline potential 449 

for the OWL unit, with individual field performance at levels equivalent to other fallow detection 450 

systems. The high precision of the ExHSV combination algorithm suggests it may be relevant for use 451 
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with large weeds in stubble, where the green signal is strong and false positives are undesirable. In 452 

contrast, the higher recall of the ExG algorithm suggests it may be better applied detecting smaller 453 

weeds and reducing misses. OWL sets an open-source path for the weed control industry, to assist in 454 

the affordable, site-specific and effective control of weeds in a variety of scenarios. 455 
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