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Article 
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Abstract: Diffusion in recent decades of Cannabis sativa L. varieties with low concentrations of 

tetrahydrocannabinol (THC) is leading to a specialization in the whole sector, requiring innovative techniques 

for input optimization according to the variety and the growing environment. The continuous agricultural 

evolution aims at increasing the sustainability of cultivation systems, pushing toward precision technologies 

application for inputs management. Cannabis monitoring can benefit from Unmanned Aerial Systems 

applications combined with image thresholding techniques for reliable and effective near-real-time plant 

detection and numbering. The work compares and evaluates the potential of two threshold segmentation 

techniques for Cannabis plant detection and counting in two experimental fields in Italy on a multitemporal 

scale, bringing such techniques in competition with machine learning for object detection. The Otsu 

segmentation technique demonstrated more reliable performances at the early stage of cultivation with an 

accuracy of 0.95. The Canopy Height Model technique showed increasing performances during the growing 

season. Future works will compare thresholding segmentation techniques with machine learning (ML) 

approaches and their potential as a supporting tool for ML image annotation. 

Keywords: plant detection; Otsu; UAS; Canapa sativa; CHM 

 

1. Introduction 

In the last decades many farmers affected by severe economic distress and extreme weather 

events started considering and cultivating alternative crops. Cannabis sativa L., one of the oldest crops 

known by humankind, thanks to the last decades' diffusion of low tetrahydrocannabinol (THC) 

concentration varieties, is experiencing a worldwide distribution [1,2]. Despite the potential use in 

numerous industries (energy, feed, health, etc.), knowledge and supply chains about Canapa Sativa L. 

are still limited [3–5]. High public interest in this crop is increasing with the need for genetic 

improvement [6,7] and performance optimization.  

Remote sensing technologies introduction is a valuable solution to optimize cultivation 

techniques and input distribution and to perform more reliable and effective recognition procedures 

thanks to usable, near real-time information based on cultivars and cultivation environment 

knowledge [8]. Despite the numerous image thresholding techniques proposed in the literature, their 

performance analyses are relatively limited. Plant emergence and stand establishment are key 

indicators routinely assessed in Canapa improvement research [9,10]. Automatic Unmanned Aerial 

System (UAS) image processing for plant numbering in the field represents a valuable solution to 

manual plant counting performed at regular intervals. Image processing, widely used to solve 

various agriculture problems such as classification, object detection, object counting, and many more, 

can help extract crucial information from the image automatically. Canopy height models (CHM) 

derived from structure from motion or light detection and ranging (LiDAR) technologies represent a 

technique for canopy height, size, and biomass measurement also used to separate crop pixels from 

soil [11,12]. Likewise, Otsu thresholding, widely used in many computer vision applications and 

employable with vegetation indexes, is a single-intensity threshold method that separates pixels into 

the foreground and background classes [13]. Differently from Machine Learning (ML) techniques, 
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computer vision does not require large labeled datasets, training, test, and validation phases to 

perform plant segmentation, resulting in an easier application and fast results obtainment.  

Accurate plant information extraction from sensors and images is currently a bottleneck that 

depends on correct image segmentation [14]. Multispectral and hyperspectral images provide crucial 

information that can be used together with advanced ML tools to develop a direct method to 

discriminate cannabis from similar plants [15]. ML requires high quality data in a specific format and 

free from extraneous features to build models able to perform fast and automatic classification, 

recommendations, or prediction operations. Pre-processing techniques, essential to make the data 

suitable for model training, testing, and validating, are complex and time-consuming [16]. Between 

the multiple ML algorithms randomly selected or chosen after performance comparison, it is hard to 

choose the appropriate and suitable one to build and customize the learning model, delaying the 

deployment process. ML model building needs long training and multiple testing, generally time-

consuming tasks. Moreover, the deployment of models is particularly challenging because of the 

complexity of the real-world scenario and the required deployment skills to employ the models using 

third-party software and hardware [17–21].  

Relevant works report systems for plant detection and counting, showing different techniques 

and approaches. Sharma et al. used multi-spectral UAS images acquired at 15 m height combined 

with GIS software to estimate the number of plants of two different potato varieties [22]. The results 

showed a high Pearson correlation coefficient (r = 0.82) between image-based and manual counting. 

Another example is the implementation of computer vision using the Excess Green Index (EXG) and 

Otsu's method and transfer learning using convolutional neural networks to identify and count 

plants in a spinach field [23]. A similar experiment by Shirzadifar et al. [24] on Maize crop reported 

a detection algorithm using the EXG index and the k-means clustering technique, achieving an 

average accuracy of 46% and 91% in the field, respectively. Fully automatic plant counting in sugar 

beet, maize, and strawberry fields was performed by Barreto et al. [25] using UAS images and deep 

learning analysis. The number of crops per plot was automatically predicted in five locations at 

different growth stages, showing errors of less than 4.6 % for sugar beet and that the arrangement of 

plants in the field is a crucial factor influencing detection performance. The algorithm proposed by 

Fan et al. [26], based on deep neural networks for tobacco plant detection from UAS images, consisted 

of three stages. The first stage consisted of obtaining candidate regions of tobacco plants, containing 

either a tobacco plant or a non-tobacco plant, from UAS images. Second, the development of a deep 

convolutional neural network, trained to classify the candidate regions as either tobacco or non-

tobacco plant regions. In the third step, the non-tobacco plant regions were removed.  

Most of the proposed and analyzed works rely on machine learning systems for detecting and 

counting plants. Is it possible to obtain comparable performance using traditional segmentation 

techniques, or machine learning is the only approach suitable for a reliable detection? The work 

aimed to compare and evaluate the potential of two thresholding segmentation techniques for 

Cannabis sativa L. plants detection in two experimental fields in Sardinia (Italy) in a multi-temporal 

scale and evaluate the potential of such techniques to provide reliable information for farm 

management. 

2. Materials and Methods 

2.1. Study site 

Experiments took place in two study sites: Olbia (North-East Sardinia, Italy, Lat. 40° 93’ 37”; 

Long. 9° 44’ 88”, WGS84 EPSG 4326, at 37 m above sea level) and Guspini (Sud-West Sardinia, Italy, 

Lat. 39° 66’ 16”; Long. 8° 66’ 12”, WGS84 EPSG 4326, at 17 m above sea level). In Guspini, 2500 Canapa 

sativa L. (cv. Kompolti) plants were planted (1.8 m x 2.0 m) on a 10000 m2 surface (Figure 1a), where 

another scientific survey was already running to monitor the phenotypic plants’ response to different 

agronomic management combined with inoculation of rhizobia and the use of mulching cloths to 

limit the growth and development of weed on the rows. Another 1000 plants (2.00 m x 1.50 m) of the 

same cultivar were planted on a 3200 m2 surface in Olbia (Figure 1b). 
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(a) (b) 

Figure 1. The two experimental fields located in Sardinia (Italy): Guspini (a) and Olbia (b); EPSG:32632 

(WGS 84 UTM 32N). 

The experimental field in Guspini consisted of four plots (two of them were replications of the 

same treatment). Treatment 1 comprised mulching cloths and rhizobia inoculation, treatment 2 

consisted of no mulching cloths and rhizobia inoculation, and treatment 3 comprised mulching cloths 

and no rhizobia inoculation. 

Due to the stunted growth of plants in the Olbia study site in the last phenological phases (Figure 

2b), the research team decided to execute a single flight over the second study site (Guspini) to test 

the proposed techniques on “normal” grown plants and compare the results with smaller plants of 

Olbia. 

2.2. UAS platform and implemented sensors 

The UAS DJI Phantom 4 Pro (Figure 2a) equipped with RGB CMOS 1" sensor of 21 megapixels 

resolution, 8.8 mm/24 mm (35 mm format equivalent), Field of View (FOV) 84°, and f/2.8-f/11 

autofocus 1 m-∞ was deployed to perform the remote photos acquisition. Two Mapir Survey 3 

multispectral cameras were implemented on board of the UAS. One equipped with a Red Green NIR 

(RGN) filter, able to capture the reflected light of 660 nm (Red), 550 nm (Green), and 850 nm (Near 

Infra-Red), and the second with a Red Edge (RE) filter for 725 nm light detection. A GNSS Reach RS+ 

(Emlid) connected to an NTRIP correction system was used to record X-Y coordinates of six Ground 

Control Points (GCPs) in Olbia and 10 GCPs in Guspini for accurate orthomosaics orthorectification. 

UAS flights were planned through the DJI Pilot android app (flight details are reported in Table 1). 
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(a) (b) 

Figure 2. The Unmanned Aerial System (UAS) DJI Phantom 4 Pro model implemented with 

multispectral cameras, the radio controller, and the Mapir target for the multispectral sensor 

calibration (a). A Canapa sativa L. plant in the Olbia site (b); the reduced plants size had a negative 

effect on detection performance. 

Table 1. Unmanned Aerial System (UAS) flight settings for Olbia and Guspini study sites. 

Flight settings Olbia Guspini 

flight route lenght (m) 754 1942 

altitude (m) 40 35 

flight time (min.sec) 5.45 16.34 

photos (n) 134 378 

course angle (°) 53 23 

take-off speed (m/s) 5 5 

flight speed (m/s) 2.2 2 

surface extension (m2) 3200 10000 

side overlap ratio (%) 75 75 

frontal overlap ratio (%) 85 85 

2.3. Surveying dates 

In Olbia site were performed multiple flights during crop’s development phases. The first flight 

(7 July 2021) aimed at obtaining the digital model of the reference ground elevation (Digital Terrain 

Model, DTM). The absence of plants helped simplify and optimize CHM calculation for the next 

surveying days. On this date, the UAS was equipped with only RGB cameras. The second flight was 

performed on 12 August 2021 (BBCH 25 [27]). This surveying was crucial for obtaining orthomosaics 

where the only vegetation in the field was the small Canapa plants without any weeds. Thanks to 

this specific approach, it was possible to apply the segmentation technique based on vegetation 

indexes. During this flight also multispectral cameras were implemented. The last two flights, 

executed on 30 September 2021 (BBCH 55) and 11 October 2021 (BBCH 67) respectively during the 

swelling of inflorescences and few days before harvesting, were intended to compare and verify the 

performance of the two segmentation techniques for plant detection. For each flight, except the first 

one with the bare soil, RGB and multispectral sensors were employed, capturing the reflected 

radiance in red, green, blue, near infra-red (NIR), and RE spectra. 

The Guspini survey was performed only on 8 October 2021, a few days before harvesting. The 

purposes of this flight were the same as described for the other study site. 
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The flight conditions faced during the experiments were optimal: sunny days, clear sky, and 

strong wind absence at both sites. 

2.4. Software employed 

Two software were used during the experiments: Agisoft Metashape (a structure from motion 

software) to process the UAS’s images and obtain the digital models, and QGIS to analyze the 

orthomosaics and perform the segmentation. 

2.5. CHM segmentation of Canapa sativa L. 

CHM segmentation is based on the height difference between the soil surface plus the overlying 

Canapa plants (Digital Surface Model, DSM) and the soil (the DTM), performed using the raster 

calculator tool in QGIS. 

  

(a) (b) 

Figure 3. A portion of the study area (a) and the yellow polygons obtained through Canopy Height 

Model (CHM) segmentation (b) after the manual removal of undesired polygons. The image 

highlights how the CHM segmentation technique helped to detect most of the plants. 

The raster calculation tool was used to apply threshold height of 0 m to separate plant pixels 

from soil pixels. This value was chosen because of the best performances in detecting Canapa plants. 

Thanks to the conversion of the obtained raster into a vector layer, it was possible to obtain the 

detected plants number. The side effect was represented by the detection of other objects besides 

plants like stones, weeds, part of the soil, etc. Of the multiple threshold heights tried during the 

elaboration process, no one was able to detect only Canapa Sativa L. plants and no secondary elements. 

For this reason, once found the best threshold height based on the bigger number of plants and the 

lowest number of secondary objects, it was necessary to execute a manual cleaning procedure to 

remove all noise polygons from the study area (Figure 2). 

For Guspini plants segmentation, the challenge derived from the presence of grown entangled 

plants. The segmentation provided several polygons consisting of several plants each, resulting in 

problems and errors in estimating the number of plants (Figure 4a). The problem was overcome by 

using the Voronoi tool in QGIS. Starting with the manually added plant positions, it was possible to 

create a Voronoi map with a polygon number equal to the exact number of plants (Figure 4b). The 

creation of the Voronoi map was possible only thanks to the manual positioning of all plants. The 

previous polygons obtained with the CHM segmentation technique were then clipped using the 

Voronoi map (Figure 4c). 
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(a) (b) (c) 

Figure 4. Segmentation technique performance improvements. The polygons with merged plants 

inside (a), the Voronoi map created using the position of each plant (b), and the plant polygons after 

the clipping procedure through the Voronoi map (c) in Guspini study site. 

The result shows the ability of this procedure to separate all merged plants in the same polygon 

and give a more reliable plant number. In the discussion section the problem related with the 

positioning of all Canapa sativa L. plants will be discussed to reduce the effort needed to place 

manually each plant and to automatize the process. 

2.5. Otsu thresholding technique for Canapa sativa L. segmentation 

The Otsu thresholding technique derived by the reflectance distribution of vegetation indexes is 

based on the ability to differentiate between soil and plants' pixels. Starting with the analysis of the 

vegetation indexes’ histogram created on QGIS, it was selected using a python script. The 0.15 NDVI 

value was obtained as threshold (Figure 5). 

 

Figure 5. Histogram of the NDVI distribution of Guspini. The red circle highlights the threshold value 

used for segmentation, while the blue and green represent the soil and plant reflectance peaks 

respectively. 

Using the raster calculator tool, a new raster able to differentiate between plants and soil pixels 

was created. The polygon cleaning procedure is the same described for the CHM segmentation 

procedure. Due to the massive presence of weeds surrounding Canapa plants, it was possible to 

perform this technique only on the first surveying date in Olbia. The other dates were characterized 

by the presence of large zone constituted mainly by weeds (Figure 6). 
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(a) (b) 

Figure 6. A detail of Olbia study sites in two different dates:  12 August 2021 (a) and 11 October 2021 

(b). The presence of weeds in the last survey day (b) did not allow the plant detection, differently from 

the first day (a) characterized by the sole presence of plants. 

2.6. Otsu thresholding technique for Canapa sativa L. segmentation 

The detection performances evaluation of the proposed supervised procedure started from the 

polygons derived by plants segmentation. The digital models used for the elaboration were 3 for 

Olbia and 1 for Guspini study sites. The possibility to use 3 digital models in Olbia was crucial to 

evaluate the performances of the missing plant detection procedure through the developing stages 

of the crop. The 8 October 2021 model obtained for Guspini had the objective of evaluating the 

procedure in a different site and comparing the results with the ones from Olbia in the days before 

harvesting with different volume growth of plants (small plants for Olbia and well grown plants in 

Guspini).  

The first step for the performance evaluation was represented by the segmentation procedure 

described in the previous two chapters. The next phase regarded the creation of circular buffered 

plant positions derived from the buffered plant position inserted manually. The diameter of each 

buffered plant positions was 0.5 m (this value was selected based on the planting distance). This last 

procedure was essential to be completely sure of overlapping the small Canapa plant polygons 

created during the segmentation process and not perfectly positioned over the related plant position 

as shown in Figure 7. 

Thanks to the tool “extract by location” in QGIS and the two overlaying layers, it was possible 

to automatically distinguish between detected Canapa plant (true positive) and the sum of missing 

and undetected plant (respectively true negative and false negative). This process is based on the 

overlapping between green plant polygons, extracted by the segmentation process, and the red circles 

buffered plant positions inserted manually (sure position of the plants after the plantation) to select 

only the plants still present in the field. If the buffered plant position corresponded to a segmented 

plant, this polygon was counted, otherwise, if no segmented plant was selected by the buffered plant 

position, it was counted as a missing/undetected plant. This process was performed for plants 

segmented by Otsu and CHM methods in both experimental study sites.  
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Figure 7. The overlapping between green plant polygon extracted by the segmentation process and 

the buffered plant positions inserted manually. 

The last step regarded the missing plant detection process performance through the following 

definitions: 

• True Positive (TP), polygons detected through the segmentation procedure that are effectively 

Canapa plants; 

• True Negative (TN), Canapa plants that were not detected using segmentation techniques and 

effectively are not present into the field and considered as real missing plants; 

• False Positive (FP), polygons recognized as plants that are not Canapa (e.g., weeds, rocks, etc.); 

• False Negative (FN), real Canapa plants present in the field that were not detected by the 

segmentation process and classified as missing plants. 

The detection accuracy was also calculated (equation 1) and reported in Table 4 in the results 

section: 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 ൌ ሺ்௉ା்ேሻሺ்௉ା்ேାி௉ାிேሻ, (1)

3. Results 

3.1. Segmentation results 

Table 2 reports the two segmentation techniques results. Where the “Plants” indentation refers 

to the number of plants present in every single date of survey during the growing season and 

manually inserted in QGIS; “segmented polygons” refers to plant polygons generated after the 

segmentation procedure; the “plant polygons” are the plants obtained after the manual deletion of 

all the polygons representing extraneous objects (FP). The obtained results show how the value of 

segmented polygon is a counting estimation close to the real number of plants present in the field 

(Ground Truth). Nonetheless, a fair number of polygons does not include a plant, forcing the research 

team to execute a manual removing, decreasing the number of detected Canapa plants inside the 

field.  

If only the real plants values are considered, the number of detected plants tends to increase 

during the growing season, reaching the 86.6% and 84.7% of existing plants respectively in Olbia and 

Guspini study sites. It can be noticed how the Otsu technique has been able to perform the 

segmentation only in the first date reaching a 95% of detected plants. This result is particularly 

interesting since it allows the obtainment of the position of each plant at the beginning of the growing 

season. Such information is crucial to speed up the detection process and the multispectral analysis 

in the following surveying dates. In the remaining dates it was not possible to get any reliable 

detection results due to the presence of weeds covering the surface between the Canapa plants.  
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On the contrary, the CHM technique showed better performances in the latter phenological 

phase of plant development. Table 2 helps have a better understanding of how the segmentation 

techniques perform in terms of created polygons. Despite the improving performances, it can be 

stated that without a manual supervision plants detection would be compromised by the presence of 

FP polygons. 

Table 2. Segmentation results comparison. 

Study site Date 
Segmentation  

technique 
Plants (n) 

Segmented  

Polygons (n) 

Plants  

polygons (n) 

Detected  

plants (%) 

Olbia 12/08/2021 CHM 746 765 477 63.9 

Olbia 30/09/2021 CHM 730 781 608 83.2 

Olbia 11/10/2021 CHM 717 895 621 86.6 

Guspini 8/10/2021 CHM 2175 2323 1844 84.7 

Olbia 12/08/2021 Otsu 746 2676 713 95.5 

Olbia 30/09/2021 Otsu 730 - - - 

Olbia 11/10/2021 Otsu 717 - - - 

Guspini 8/10/2021 Otsu 2175 - - - 

3.2. Detection performances 

Table 3 reports the obtained results of the detection procedure. The TP, TN, and FN metrics 

(already defined in section 2.4.4) are also reported in percentage referring to the plants' number 

during the survey date. FP values are equal to zero in each date thanks to the manual removal 

executed by the operator. For this reason, they were not considered in plant detection performances 

(Table 3) since they were completely manually removed.  This result helps define the segmentation 

techniques’ performance to detect Canapa plants. Otsu technique showed the highest performances 

in terms of correctly detected plants (TP) compared to the CHM during the first surveying date. The 

number of TP tends to decrease in the second date due to the presence of weeds in the field and the 

need to switch to the CHM technique, not the best choice when the size of the plants is still reduced. 

Voronoi techniques described in section 2.5 helped gaining better results, moving from 1844 

(84%) to 2039 (93.7%) correctly detected plants. During the growing season many plants died, 

decreasing the total number in the field. This reduction was detected thanks to the system described 

in section 2.6 and showed that the proposed techniques can detect missing plants (TN). In the first 

date FN values derived by CHM are higher than the one obtained though the Otsu technique, 

confirming the bigger reliability of Otsu at the beginning of the growing season. Again, Voronoi 

technique helped improving the detection performance by reducing the FN values in Guspini. 

Table 3. Missing plants detection techniques performance expressed with TP, TN, and TP metrics. 

Dates 
Segmentation 

 technique 

Survey 

site 

Plants 

(n) 
TP TN FN 

TP 

(%) 

TN 

(%) 

FN 

(%) 

12/08/2021 CHM Olbia 746 477 0 269 63.9 0.0 36.1 

12/08/2021 Otsu Olbia 746 713 0 33 95.6 0.0 4.4 

 

30/09/2021 
CHM Olbia 730 608 16 122 83.2 

2.2 16.7 

11/10/2021 CHM Olbia 717 621 29 96 86.6 4.0 13.4 

8/10/2021 CHM Guspini 2175 1844 103 331 84.7 4.7 15.2 

8/10/2021 CHM+Voronoi Guspini 2175 2039 103 136 93.7 4.7 6.3 

Table 4 reports the accuracy results based on the equation reported in section 2.6. 

Results confirm what stated for Table 3: Otsu is the best segmentation technique during the 

early season reaching 0.95 accuracy (considerably higher compared to the CHM); the 
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accuracy reached high performance during the whole growing season; Voronoi technique 

sensibly improved the accuracy reaching a 0.94 value in Guspini.  

Table 4. The accuracy performances of the plant/missing plant detection process. 

Dates 
Segmentation 

 technique 
Survey site Accuracy 

12/08/2021 CHM Olbia 0.63 

12/08/2021 Otsu Olbia 0.95 

 30/09/2021 CHM Olbia 0.83 

11/10/2021 CHM Olbia 0.87 

8/10/2021 CHM Guspini 0.85 

8/10/2021 CHM + Voronoi Guspini 0.94 

4. Discussion 

In relation to the first objective, regarding the efficiency evaluation of the two segmentation 

techniques, the two techniques supplied good results in both study sites characterized by different 

conditions. OTSU method is preferable in the first phase when only Canapa plants are present and 

should be used as substitute of plants manual positioning procedure. As highlighted in the materials 

and methods section, the entire process of detection performances evaluation was possible thanks to 

the manual positioning of plants location. Such procedure is time-consuming and non-sustainable 

for high extension surfaces. The possibility of using the OTSU technique to avoid long preliminary 

procedure, would allow the obtainment of almost all plants positions, followed by a manual 

supervision and the additional plant positioning (if needed). The CHM segmentation technique was 

revealed to be preferable when plants volume increase, resulting in a higher percentage of classified 

polygons. The presence of weeds (generally of smaller size) is overcome by considering only pixels 

over a specific height Above Ground Level (AGL). Both segmentation procedures could be applied 

to crops that have similar conformation and are planted following the same criteria.  

Otsu segmentation allowed to precisely segment plants only on the first survey date (12 August 

2021) in Olbia because the only visible vegetation was represented by Canapa sativa plants. For the 

other flights, the same technique was highly influenced by the presence of weeds easily confusable 

with the crop. For these reasons Otsu technique was considered unreliable after the first development 

phases (Table 2). CHM segmentation technique, if compared with Otsu method in the first date (12 

August 2021), resulted as unreliable due to the limited height of the plants and the flight height of 

the UAS. A highest resolution sensor would have helped to increase the monitoring operation 

performance. In Table 2 of the total 746 generated polygons, the Otsu technique detected 713 of them 

(95.5 %), against the 477 polygons (63.9 %) detected through CHM technique. Based on the limits 

described for the Otsu technique, the CHM showed to be preferable when plants’ volume increase, 

moving from the 63.9 % of plants detected in the first date on 12 August 2021, to 83.2 % on 30 

September 2021, and 86.6 % on 11 October 2021. In Olbia the chosen CHM threshold height of 0.0 m 

showed the lowest value of undetected plants, while in Guspini 0.6 m was chosen for similar reasons: 

lower values of height included weeds and extraneous object, while higher threshold height excluded 

multiple Canapa polygons.  

OTSU was able to detect the 95.6 % of plants present in the field in Olbia on 12 august 2021, 

while CHM the 93.7 % in Guspini on 8 October 2021. These two results are essential to confirm how 

the combination of the two techniques could allow high detection performances in normal scenarios, 

like the one reported in Guspini. In Table 3 the CHM segmentation in Guspini detected 1844 plant 

polygons out of 2175 (84.7%). But thanks to the implementation of the Voronoi tool, the number 

increased to 2039, with an 9 % increment of detected plants. This result, confirmed also by the 

accuracy improvement, is significant because Voronoi technique is generally included as a tool in all 

geographic information system software, so usable without any programming skills. 

On 12 August 2021, OTSU and CHM segmentation generated different false negative values, 

respectively 33 for OTSU and 269 for CHM (Table 3). The 100% of the undetected plants were false 
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negative, delineating the OTSU technique as the more reliable in the first stages of the crop 

development when only Canapa plants are present into the field. However, CHM was the only 

technique capable of performing segmentation when the plants reached larger size and volumes. The 

undetected plants were represented by a small percentage (referred to the total number of plants) of 

missing plants, removed or dead after the implantation. The detection system performances increase 

as the plants’ volume increase.  

The accuracy values highlight high detection performances, except for the first survey when the 

CHM segmentation technique was used. The best accuracy values were reached on 12 August for 

Olbia and 8 November for Guspini, confirming what stated above. Such high values have been 

reached because the FP polygons were considered as zero because manually removed. It is worth 

noting that the real FP values ranged from 173 to 479 in Olbia, and from 288 to 1963 in Guspini study 

site. In an unsupervised process such values would have severely affected the accuracy performance 

of detection. 

It is relevant to highlight that, the entire procedure of plant detection was based on the manual 

placement of plants position, hardly replicable in normal situation. This limit could be overcome by 

using the OTSU segmentation at the beginning of the cultivation season when only Canapa plants 

are present in the field and use the CHM method to have a more reliable plant detection. To monitor 

the efficiency of the missing plant detection through the growing season, it is recommended to use 

the first plant number detection as a reference number to detect where plants are missing. 

The proposed procedure is useful to perform spectral analysis of the crop excluding weeds, soil, 

and extraneous objects from the procedure, but it still lacks in plant borders exact detection. In fact, 

the polygons generated around the single Canapa plants are far from being perfectly overlaid by the 

generated polygons, affecting the obtainment of vegetation index data free from soil influence. This 

limitation is most noticeable in Olbia study site, characterized by smaller plants, than Guspini where 

the bigger plants were more easily detectable.  

One of the possible solutions to increase the accuracy and reliability of the process would have 

been to reduce the flight altitude AGL, also increasing the detail of the photos. This approach would 

have probably increased the quality of the process but would also have led to incomparable results 

with the “normal” flight acquisition setting, making also difficult its evaluation for practical use. 

Flight height of 40 m resulted suitable for the obtainment of digital models (multispectral 

orthomosaics, DTM, DSM, CHM), using an average working time of 7 hours for each acquisition date.  

Nowadays, new automatic procedure for Plant segmentation and detection based on machine 

learning approaches are under studies, but they imply complex training, test, and validation process 

and specific programming skills to be implemented. Even the proposed procedure requires specific 

knowledge of Structure for Motion and GIS software, but they are generally provided with a user-

friendly interface and wide libraries of tools that help simplifying the process. It is worth noting that 

in an unsupervised process the high FP detected values would have severely affected the accuracy 

performance of detection. Even if faster and more intuitive, the overall described results are not 

reliable, unless performed under the supervision of an operator. In future agriculture scenarios, 

characterized by autonomous vehicle implemented with sensors, solutions involving machine 

learning based object detection systems could represent the best option to perform real time 

operations [22–26]. The major limit is still related to the obtainment of photo datasets and their 

labeling, crucial operation for machine learning processes The datasets used for the development and 

testing of algorithms are often small and private, hence research teams have to rely on a small amount 

of existing open-source data sets characterized by the absence of a standardized format that may 

influence the learning effect [28]. If datasets are not always available, approaches to facilitate labelling 

could represent a game changing tool [29]. The proposed methodology represents a preliminary 

approach for the development of an automatic procedure for UAS images labeling support, creating 

the labeling shapes needed to train and test a detection network, or to provide candidate regions 

[25,26,30].  Labeling procedure is essential for the obtainment of a well-trained network and 

represents a laborious operation carried out by operators. Such approach could help to increase the 
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quality and speed up the labeling operation by providing multiple polygons tracing the target plants’ 

outlines. 

The processes described in the work are finalized to provide the farmer of important information 

as decision support system during crucial crop development phases like size, height, stress, missing 

plants, etc. In the future such procedures will be compared to verify the real advantages of a machine 

learning process in terms of detection performance and time required to obtain the results. 

5. Conclusions 

The comparison between two segmentation techniques for the detection of Cannabis sativa L. 

plants in two experimental fields in Sardinia (Italy) showed better performance of the OTSU 

segmentation in the initial phase of cultivation to localize the plants and use it as a reference to 

evaluate detection performance. The CHM technique showed increasing performance in the Olbia 

study site but, due to the small size of the crop, it was not possible to achieve the same values obtained 

in Guspini, where the plants showed greater vegetative development. Although faster and more 

intuitive, the overall results described are not reliable unless carried out under the supervision of an 

operator. Although automatic procedures for plant segmentation and detection based on machine 

learning approaches imply a complex training, testing and validation process and specific 

programming skills, they represent the best option to obtain more reliable results and perform real-

time operations. The main limitation is still related to the lack of extended labelled datasets, which 

are crucial for learning and testing phases. Future work will consider the comparison between 

supervised techniques and machine learning approaches and the development of the proposed 

technique as a labeling facilitation process. 
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