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Figure 1. Acacia Mearnsii (left), the drone flying at the Lomond study site (middle), and Acacia Saligna (right) 
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Abstract 

Invasive alien plants (IAPs) pose a significant threat to indigenous biodiversity in the Cape Floristic 

Region (CFR). Recently, drones have been suggested to aid the mitigation of this threat as they allow 

for rapid and effective monitoring of IAP density. However, before drone technology can be integrated 

into IAP removal programs, some validation is required to understand how the interpretation of drone-

imagery compares to traditional ground-based sampling techniques. Therefore, the overall aim of this 

study was to determine whether drone technology was more efficient at estimating IAP density 

compared to traditional ground-based sampling. To achieve this, across ten study sites, three IAP 

density estimates were compared: (1) density estimates calculated from stem counts and percentage 

area covered by IAPs during ground surveys, (2) density estimates calculated manually from drone 

imagery, and (3) density estimates calculated automatically by using the random forest classification 

algorithm. The results indicated that drone-based methods produced IAP density estimates more 

representative of the study sites compared ground sampling techniques. Furthermore, the results 

showed that automatic classification was the least time-consuming method, whereas manual 

digitization was the most time-consuming. The findings of this study indicated that field-based surveys 

require a considerable investment of time and effort, whilst producing relatively unreliable results. In 

contrast, drone technology can circumvent the disadvantages of ground-based surveys such as human 

error and biased data extrapolation, and produce accurate density estimates for IAPs. Additionally, the 

integration of drones into the toolkit of IAP removal programmes within the CFR region can lead to 

substantial savings regarding time, labour, and financial resources. Therefore, it is recommended that 

drone technology should be integrated into IAP removal programmes to improve the efficiency of alien 

plant removal. 

Keywords: drone technology, invasive alien plants, unmanned aerial vehicle, random forest classification, 

vegetation mapping 

1. Introduction 

Invasive alien plants (IAPs) pose one of the greatest threats to native flora and fauna in South Africa. 

For instance, IAPs threaten native ecosystems by out-competing indigenous plant species thus 

changing the vegetation structure. Consequently, IAPs restrict native fauna from completing essential 

biological tasks such as creating nests, thermoregulating, migrating, and feeding (Clusella-Trullas and 

Garcia 2017). In turn, these changes alter ecosystem function and dynamics (Mostert et al. 2017; 

Ancin-Murguzur et al. 2020; Holmes et al. 2020). Through negatively impacting native ecosystems, 

IAPs degrade potential ecosystem goods, and reduce ecosystem service delivery (Gaertner et al. 2014; 

Holmes et al. 2020).  
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The issue of IAPs is extensive in South Africa, and invasions cover a local land area of 265000 ha in 

national parks and nature reserves alone (Holmes et al. 2020). A study of the Cape Floristic Region 

(CFR), falling within the most invaded province in the country, found that IAPs threaten more than 

1000 native plant species (Cheney et al. 2019). To conserve the biodiversity of the CFR, effective IAP 

mitigation measures are urgently required. However, to mitigate the establishment and spread of IAPs, 

accurate information of their spatial distribution and density is mandatory  (Royimani et al. 2019). This 

information is required to improve predictions of invasion and distribution patterns of IAPs for 

enhanced decision-making, optimal resource allocation, and overall effectiveness of control measures 

(Mararakanye et al. 2017; Royimani et al. 2019). Moreover, the earlier IAP populations are detected 

in the initial stages of invasion, the more cost-effective and efficient the removal process will be  

(Rejmánek 2000; Lehmann et al. 2017).  

Conventionally, removal programmes use ground-based techniques to collect data on IAPs (Royimani 

et al. 2019). The most popular ground-based sampling techniques include quadrat sampling and line-

transects. If done precisely, consistently and repeatedly, these techniques provide high-resolution data 

(Sutherland 2006; McNaught et al. 2018; Barnas et al. 2019). However, these laborious sampling 

techniques are often avoided due to time limitations, expenses, and resources required, especially for 

larger areas (Cheney et al. 2018). Furthermore, it can be logistically challenging to sample vegetation 

in remote or inaccessible areas (Barnas et al. 2019). These challenges may result in spatial variation in 

IAP data, as some areas cannot be surveyed (Barnas et al. 2019). Consequently, invasion processes 

and stages of invasions may be poorly defined, resulting in biased conclusions on trends of the spread 

and distribution of IAPs (Barnas et al. 2019).  

A promising solution to these limitations of ground-based sampling and the requirements of IAP 

removal programmes is the dawn of drone technology (Anderson and Gaston 2013; Barnas et al. 2019). 

Drones are unmanned, remotely controlled aircrafts that can collect spatial data over large areas while 

using very little resources. In recent years, drones have become progressively popular in ecological 

research and conservation because of their ability to be easily deployed, their effortless operation, and 

high spatio-temporal resolution compared to remote sensing imagery (Müllerová 2019).  They can 

complete vegetation surveys rapidly (Lehmann et al. 2017), allowing for the timely detection of IAPs, 

therefore, making monitoring and eradication efforts more efficient (Dvořák et al. 2015). Additionally, 

the flight paths that are created are repeatable, thus allowing users to conduct future surveys without 

introducing spatial variation (Lehmann et al. 2017). IAP species are ideal candidates for surveillance 

by drones as they are typically fast-growing species with a high biomass and reproduction rate, 

therefore forming large monospecific stands which are easily detected through aerial imagery  

(Leishman et al. 2007; Müllerová 2019).  
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The use of drones to detect and monitor IAPs is economical, flexible, and faster (Lehmann et al. 2017). 

However, according to Lehman et al. (2017), not many land managers are currently using drone 

technology due to high acquisition costs or a lack of ability in operating drone systems. Furthermore, 

South African drone flights are controlled by the South African Civil Aviation Authority (SACAA) 

who have established excessive barriers to the use of drones in ecological research. The SACAA have 

done this by creating numerous restrictions on how and where drone flights can take place, as well as 

made it expensive to become legally compliant with the restrictions. Another possible setback of 

utilizing drones is the complexity of detecting small individual invasive plant species from aerial 

images (Müllerová 2019). This is crucial from a management perspective as these undetected IAPs 

can act as dispersal foci in habitats (Müllerová 2019). Even though drone technology may solve the 

limitations put forth by ground-based sampling, it is evident that it still has its setbacks. Therefore, 

before drone technology can be integrated into the toolkit of IAP removal programs, a validation study 

is required to understand how the interpretation of drone-imagery compares to traditional ground-based 

sampling techniques. 

Using a comparative approach, the overall aim of this study was to determine whether drone 

technology is more efficient in estimating IAP density and spatial distribution than traditional ground-

based sampling. To achieve this, the following research questions were posed: (1) Which method 

(drone-technology vs. traditional ground-based sampling) provides the most reliable density estimation 

of IAP cover relative to one another, and (2) which of the two methods are more time-efficient in 

collecting data across the proposed survey areas? 

Under the first research question, it was hypothesized that drone technology provides better estimations 

of IAP density, as drone imagery encompasses entire areas. This is relative to traditional ground-based 

sampling methods, such as quadrat surveys or line-transects, where only small portions of land are 

surveyed to make approximations for larger areas. Although ground-based sampling methods may 

provide detailed biological information on particular alien species, quadrats placed outside of areas 

with IAPs will cause the results to falsely indicate that there are no or fewer IAPs in the study area 

than truly present. Under the second research question, it was hypothesized that the use of drone 

technology is highly time efficient. Drones can be rapidly deployed and cover a great expanse more 

quickly. Unlike drone technology, ground-based sampling is time-consuming and requires more labour 

and comprehensive surveillance of the research area. 
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2. Methods: 

2.1 Study area: 

This study was conducted on Flower Valley Farm, Heidehof Farm, Fairfield Farm, and Lomond Farm 

where active IAP clearing programmes were taking place (Figure 2). These farms fall within the 

Agulhas Plain region, a lowland coastal region within the CFR at the Southern tip of South Africa 

(Figure 2). The region has an area of 2160 km2  (Fourie et al. 2013) and is located amongst four inland 

(Elim, Bredasdorp, Napier, and Stanford) and five shoreside towns (Pearly Beach, Arniston, Struisbaai, 

Gansbaai, and Agulhas). Most of the region is privately owned and utilized for livestock or fynbos 

farms (Heydenrych 1999; Fourie et al. 2013). Only 9 % of the Agulhas Plain is formally protected by 

nature reserves (Conradie 2010; Fourie et al. 2013). 

As a result of the complex geology of the Agulhas Plain, the area is characterized by a wide variety of 

infertile soil types (Heydenrych 1999). There are many vegetation types in the region, such as 

Limestone Proteoid, Elim Asteraceous Fynbos, Restoid Fynbos, and Sand Proteoid vegetation types, 

which are considered highly threatened (Laubscher et al. 2009). These vegetation types prosper in the 

region's Mediterranean climate and are all prone to fire outbreaks (Fourie et al. 2013). Alien plant 

invasions and agricultural activities have altered much of the environment (Heydenrych 1999). The 

most common IAP species on the Agulhas Plain include Acacia, Pinus, and Eucalyptus. Acacias were 

initially introduced into the region as dune stabilizers, whereas Eucalyptus and Pinus were introduced 

for timber and plantations (Fourie et al. 2013). It is estimated that 31% of the Agulhas Plain has already 

been invaded by IAPs (Nowell 2011). As a result of the high plant endemism and prevalence of IAPs, 

the United Nation Development Programme describes the Agulhas Plain to have the greatest quantity 

of lowland threatened species within South Africa, thus, making it the highest priority for conservation 

(Laubscher et al. 2009). 

Figure 2. Left: The location of Flower Valley Farm and surroundings (red star) within the Agulhas Plain, Western Cape 

(Fourie et al. 2013). Right: Native and invasive plants of a site demarcated for IAP-removal on Flower Valley Farm. 
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2.2 Field sampling 

To compare the effectiveness and time-efficiency between traditional ground-based methods and novel 

drone technology, three IAP density estimates were compared in this study: (1) density estimates 

calculated from ground surveys, further divided into density estimation through stem counts, and 

density estimation through percentage IAP cover, (2) density estimates calculated manually from drone 

imagery, and (3) density estimates calculated using an automatic classification algorithm. This study 

followed a similar protocol to Hill et al (2017), however, instead of the methods being conducted by 

separate teams, each method was performed by the same person to reduce user bias. Ten sites, each 1 

ha in size, were selected based on where the IAPs were located, as well as where Flower Valley 

Conservation trust's IAP removal programmes were occurring. According to these criteria, five sites 

were chosen on Flower Valley farm, two sites on Heidehof farm, two sites on Lomond farm, and one 

on Fairfield farm. Field surveys and drone imagery collection took place simultaneously in January 

2021. 

Once the 10 sites were selected, DJI GSpro (SZ DJI TECHNOLOGY CO., LTD) was used to 

demarcate the sites remotely before going into the field. Following the demarcation of the sites, a flight 

path was designed to perform an aerial survey at each of the ten sites. The application also provided 

the coordinates of the site corners, which were used for the ground-based surveys. 

2.2.2 Ground-based survey 

In the field, a GPS was used to find the location of the sites; once identified, the corners were then 

marked to provide an outline of the study area. For each of the ten study sites, two 100m transects were 

laid down 30m from the right and left sides (Figure 3). Every 5m along the transects, and within a 

50cm radius, the invasive alien plant species were identified, the stems of the IAPs were counted, and 

the percentage ground covered by vegetation as well as the percentage of alien plants were estimated. 

Furthermore, at each site, a description of the surrounding area (e.g., the texture of the soil or the 

presence of a slope), as well as any significant factors that influence the density of alien vegetation, 

were noted (e.g., noting that the site falls within a burn scar). These notes aided in obtaining a greater 

understanding of the surrounding environment that the data collected could not demonstrate. The data 

was recorded on a standard data sheet designed before the study was initiated (refer to Appendix A for 

datasheet template).  

The information collected from ground surveys were then recorded onto a digital spreadsheet for 

further calculations. The density of the IAPs was calculated using the average stem count of each 

transect, whereafter these data were extrapolated to account for the entire sample site. The percentage 
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area covered by IAPs was calculated and extrapolated to account for the entire hectare study site to 

obtain the baseline density data. 

2.2.1 Drone imagery collection 

To map the vegetation cover of each survey site, drone flights were conducted using a multirotor DJI 

Phantom 4 Pro (diagonal size: 350mm, max speed: 72 km/h, Satellite positioning system: 

GPS/GLONASS). The Phantom 4 Pro is equipped with a 20-megapixel RGB camera. For each site, 

the drone followed the predefined flight plan designed in DJI GSpro (SZ DJI TECHNOLOGY CO., 

LTD). The standard settings for all flights can be found in Table 1. For each survey site, the drone took 

multiple photos along the flight plan (Figure 4). These orthophotos were then exported to the computer. 

Using the cloud-based drone imagery processing system Open Drone Map (webODM), the photos 

were then stitched together to produce red, green, and blue (RGB) colour composite orthomosaics of 

each site (Figure 5). 

Table 1. The settings used for all drone flights for this study. 

Parameter Setting for drone Flight 

Shooting angle parallel to the main path 

Capture mode Hover & capture at point 

Flight course mode Inside mode 

Speed 3.0 m/s 

Height 60m 

Front overlap ratio 75% 

Side overlap ratio 75% 

Figure 3. A schematic diagram showing the layout of a hectare study site (in black) with two line-transects for on-the-

ground surveys (in red), 30m from each side. 
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Figure 4. An example of a flight path plotted (red lines) within a study site (black). The red star indicates the starting 

position of the flight path. 

Figure 5. The orthomosaic produced from drone imagery of a study site on Flower Valley farm (right) with an example 

of the quality of the orthomosaic zoomed in (left). 
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2.2.3 Drone imagery manual classification  

Firstly, the resulting orthomosaics from the drone surveys were used to manually identify the IAPs in 

the ten study sites. Because the IAPs form dense stands, they were easily visible on the 2cm resolution 

orthomosaic images (Figure 5). When a stand of IAPs was identified, its location was digitized by 

drawing spatial polygons in ArcMap version 10.7.1 (Redlands 2019). The polygons were drawn to 

encompass the leafy vegetation of the IAPs (Figure 6). Following this, the average IAP density in each 

site was calculated by adding the surface area measures of each polygon on each orthomosiac. 

  

2.2.4 Drone imagery automated classification 

All automatic classifications were performed in R (R Core Team 2021), using the rgdal (Bivand et al. 

2021), randomForest (Liaw and Wiener 2002), caret (Kuhn et al. 2021), and raster (Hijmans et al. 

2021) packages. To automatically classify the IAPs, a random forest classification algorithm was used. 

Random forest pixel-based classification is a non-parametric machine learning method that creates 

multiple decision trees to classify pixels based on their spectral information (Fu et al. 2017; Hill et al. 

2017). This algorithm was chosen as it is easy to implement, it has been successfully applied to the 

classification of vegetation cover (Fu et al. 2017), and has proven to be one of the most effective 

algorithms in a benchmark study by Pirotti et al. (2016) on image classification algorithms (Hill et al. 

2017; Oldeland et al. 2021).  

The first step in the random forest algorithm was to create training data through manually classified 

polygons in ArcMap version 10.7.1 (Redlands 2019). These polygons were created by grouping similar 

landcover types and assigning them to their perspective classes via visual analysis. On average, 2% of 

the image was classified into training data which consisted of four land cover classes: i) IAPs, ii) brown 

Figure 6. The first site on Flower Valley’s orthomosaic post manual classification. The red indicates the outline of the 

polygon surrounding the IAP stands. 
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vegetation, iii) bare ground/dead plants, and iv) indigenous green vegetation (Table 2). Per class, seven 

to ten polygons were created on each orthomosaic. Following this, the training data and orthomosaics 

were imported into R (R Core Team 2021), where the random forest classification was performed. The 

output of this operation was a raster containing the four classes (Figure 7; Appendix B), and from these 

raster images, the surface area of the IAP class was calculated to generate a density estimate of the 

IAP cover.  

 

 

Table 2. Description of the landcover classes used in the training data. 

Land cover class Description 

Invasive Alien Plants (IAPs) Non-native invasive plants, mainly consisting of 

Acacia Saligna, Acacia Mearnsii, 

Leptospermum laevigatum, and Hakea sericea. 

Indigenous brown Vegetation Native dull plants, mostly consisting of brown-

coloured grasses. 

Bare ground/ Dead vegetation Areas where soil or rocks are exposed, as well as 

areas covered by dead plant material.  

Indigenous green vegetation Native fynbos vegetation that was green in 

colour and thus similar to IAPs 

 

To determine which method was the most accurate estimate of IAP density, each method was 

individually compared to the baseline density data. This was achieved by creating generalized linear 

Figure 7. The output of the Random Forest Algorithm of the orthomosaic of the first site on Flower Valley farm. The 

legend (right) indicates the four classes used in the training data. For images of the other sites, refer to Appendix B. 
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models (GLMs) in R (R Core Team 2021) using the lme4 package (Bates et al. 2015). Within these 

models, the response variable was the density estimation method, and the explanatory variable was the 

baseline density data. From these models, estimation and standard error values were obtained. To see 

how well the model fitted the observed data, a pseudo-R-squared value was calculated using the rsq() 

function from the rsq package (Zhang 2021). Following this, an ANOVA was performed to compare 

the reduction in deviance when the variable is dropped from the GLM model.  

To increase the study's sample size following the data collection and to test whether the methods were 

more reliable for smaller sites, the study sites were divided into two. For instance, the orthomosaics 

created were split in half and were compared to the field data collected by the transect on that half. 

Consequently, 20 different sites were compared. The density estimation methods were then compared 

in a generalized mixed linear model in R using the lme4 package (Bates et al. 2015). The generalized 

linear mixed model allowed the farm on which the survey took place to be considered as a random 

effect. This random effect allows for the hierarchical nature of the sampling design to be accounted 

for. Again, the pseudo-R-squared value was calculated using the r.squaredGLMM() function from the 

MuMIn package (Barton 2020), and an ANOVA was performed to detect pairwise differences.  

2.3 Time Comparisons 

To compare the time efficiency of the three methods, the time required by the surveyors to complete 

each method were recorded from beginning to end. The time taken to perform a ground-based survey 

was recorded at each site and the average of these times were calculated. To calculate the time taken 

for the manual digitization, the flight time of the drone to survey a site was recorded and combined 

with the time taken to digitize the IAPs in an orthomosaic. Similarly, the time taken for the automatic 

classification was calculated by adding the flight time of the drone survey to the time required to create 

the training data. The time taken for data processing within the automatic classification method was 

omitted as it ran unsupervised and therefore did not require any person-hours. In R (R Core Team 

2021) using nortest (Gross and Ligges 2015), car (Fox and Weisberg 2019), lattice (Sarkar 2008), and 

multcomp (Hothorn et al. 2008) packages, the time of each method was compared using an ANOVA, 

then a post hoc TukeyHSD test was used to test for statistical differences between the groups. For a 

conceptual summary of the entire methodology, refer to Figure 8. 
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3 Results 

The results are presented as follows: 1) the comparisons of different IAP density estimation methods 

of the large (1 ha sites), 2) comparisons of the different IAP density estimation methods for the smaller 

(0.5 ha sites) and, 3) the comparisons of the time taken per each method. This study found that drone 

technology produced the best estimates of IAP density and that the automatic classification of the 

drone imagery was most time efficient method. 

3.1 Comparison of Density Estimation methods  

Table 3. Results of a generalized linear model comparing the different estimation methods’ data to the baseline density 

data. Pseudo R2 of Automatic classification model = 0.84, pseudo R2 value of Manual model = 0.94, the pseudo R2 value 

of Stem Count model= 0.99. 

 

 Estimate Standard error Chi-squared P-value  

Automatic 

method 

-1.653e-06 6.677e-07 5.7916 0.01244 

Manual method -3.228e-06 1.026e-06 8.7487 0.00036 

Stem Count -2.187e-05 7.851e-06 10.031 0.00095 

Figure 8. A conceptual framework of the methodology. 
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 There was a significant difference in the means of all the density estimation methods compared to the 

baseline density data (Table 3). The automatic classification model had an overall mean value closest 

to that of the baseline field measurements, although the difference between the means of the baseline 

density estimates and the automatic classification estimates was significant (p < 0.05). The mean values 

of manual digitisation and stem count were significantly lower compared to automatic classification 

(p < 0.001), and stem count produced the lowest overall mean values compared to the density estimates 

of the field-based method (p < 0.001).  
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Figure 9. Comparisons between density estimates calculated from automatic classification vs. baseline density data (top 

left), estimates calculated by manual classification vs. baseline density data (top right), and stem count vs. baseline density 

data (bottom left). 
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The scatterplots (Figure 9) indicated that stem count produced estimates of area covered by IAPs which 

were significantly lower compared to that of the baseline field estimates, further supported by the 

significant p-value (p < 0.001) attained in the GLMs (Table 3). Overall, the estimates produced by 

manual digitisation were closer to field estimates compared to stem counts (Table 3). The manual 

digitisation method produced density estimate values that were similar to that of the baseline data for 

half of the study sites, while for the other half of the sites, manual digitisation produced significantly 

lower estimates of IAPs compared to the baseline density data. GLM results have shown that the 

automatic classification method generated values closest to that of the baseline density data, compared 

to the other two methods investigated here (p < 0.05; Table 3). It estimated the IAPs density to be the 

same for 7 out of 10 sites (Figure 9). Overall, for site 1, all the methods underestimated the density of 

IAPs compared to field estimations. For site 6, all methods produced the same estimates of IAP density 

compared to the baseline field data. 

Overall, the values produced from the stem count had a much narrower inter-quartile range compared 

to the other density estimation methods (Figure 10). The median of the density estimates generated by 

the stem count was much lower than that of the field estimate, thus again indicating a substantial 

underestimation of IAP density. The manual method produced estimates with a narrower inter-quartile 

range compared to that of the baseline field data and automatic classification methods. The median 

Figure 10. A comparison of boxplots representing the data collected by the density estimation methods per hectare site. 
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produced by the manual method is considerably lower than that of the baseline field data. Finally, the 

estimated density values produced by the automatic classification method had a wide inter quartile 

range compared to the other methods, yet narrower compared to that of field estimates. The median of 

the automatic classification data is most similar to the median of the baseline density data compared 

to the other two methods. Therefore, compared to the other density estimation methods, the automatic 

classification method produced IAP density sizes most similar to the field data for the 1 Ha sites. 

3.2 Comparison of Density Estimation estimates of the halved study sites 

 Table 4. Results of a generalized linear mixed model comparing the different estimation methods’ data to the field data of 

the halved data sites. Pseudo R2 of Automatic classification model = 0.84, pseudo R2 value of Manual model = 0.94, the 

pseudo R2 value of Stem Count model= 0.99 

 

 

 Estimate Standard error Chi-squared P-value  

Automatic method 0.012367 0.005336 244.08 0.01706 

Manual method 0.013027 0.004995 227.64 0.01755 

Stem Count 0.035382 0.006377 122.88 1.369e-09 

Figure 11. Scatterplots comparing density estimates for halved sites calculated from automatic classification compared to 

baseline density data (top left), estimates calculated by manual classification vs. baseline density data (top right), and stem 

count vs. baseline density data (bottom left). 
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Similar to the results of the full hectare sites, there was a significant difference in the means of all the 

density estimation methods compared to the baseline density estimates (Table 4). However, for the 

smaller sites, the manual classification produced an overall mean value closest to that of the baseline 

field measurements (p < 0.05), while stem count still had the lowest overall mean value (p < 0.001).  

Stem count produces estimates similar to the baseline density estimates for 7 sites, however it 

underestimates the IAP density for 13 sites (Figure 11). The dissimilar values of IAP density for 

majority of the sites is supported by the significantly small p-value attained from the GLMMs (p < 

0.001). The estimates produced by the automatic, and manual techniques were greater than that of the 

field data, thus indicating that these techniques could have overestimated the density of the IAPs. The 

manual digitisation produced similar IAP densities to the baseline field data for 13 sites and mainly 

overestimated the IAP density for 7 sites. The automatic classification method produced similar data 

for 10 sites, and for majority of the remaining sites it overestimated the IAP density. Overall, both 

manual and automatic classification methods overestimated the IAP density for site 2. 

 

Similar to the full hectare sites, the inter-quartile range of estimates produced by stem counts were 

very narrow (Figure 12). The median of the stem count data was also lower compared to that of the 

baseline field data. The manual digitization IAP density estimates had a wider inter-quartile range 

compared to that of the field estimates, but a median value that was close to that of the field estimates, 

Figure 12. A comparison of boxplots containing the density estimates of the different methods for 5000m2 sites. 
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although slightly higher (p < 0.05). The automatic classification method produced the widest inter-

quartile range of values as well as the highest median value. For the smaller sites (0.5ha), the manual 

classification method preformed slightly better than the automatic classification. Therefore, once again 

the digital methods provided the best estimates of IAP density. 

3.3 Comparison of time taken 

 

Table 5. The results of the post hoc TukeyHSD test 

Comparison Difference Lower Upper P- value 

Field vs. Automatic 63.6 34.83 91.77 0.0000224 

Manual vs. 

Automatic 

70.8 42.33 99.27 0.0000040 

Manual vs. Field 7.5 -20.97 35.97 0.7921289 

 

Figure 13. Boxplots of the amount of time taken to estimate the density of IAP by collecting field data (including both 

stem count and % density), through the manual classification method, and the automatic classification method.  
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The field survey of the 10 study sites required the effort of two field surveyors and took an average of 

101 minutes per site. Both the manual and automatic classification methods required 5 minutes of 

drone flight time and required 1 person to monitor the drone. The manual image interpretation required 

an average of 109 minutes per site to analyze and digitize polygons by 1 person. In comparison, the 

automatic classification required an average of 33 minutes per site to create training data and 1 person. 

Therefore, the automatic classification was significantly quicker than the manual classification (p< 

0.001) and the ground-based survey (Table 5; Figure 13). However, it did require an average of 691 

minutes of unsupervised machine hours to run the random forest algorithm. The person-hours required 

to calculate the density of a hectare site was quickest using the automatic classification method, 

whereas it took the longest with the manual estimation method.  

4 Discussion 

Determining the extent of an area invaded by IAPs is essential for the adequate preparation and 

application of IAP control measures (Mararakanye et al. 2017). Over the past years, drones have been 

applied successfully in conservation biology for mapping vegetation and therefore could prove useful 

in removal programmes (Tay et al. 2018). However, before drone technology can be integrated into 

the toolkits of IAP removal programmes in South Africa, validation is required to understand how the 

interpretation of drone-imagery compares to traditional ground-based sampling techniques. Therefore, 

this study compared the efficiency of three methods in measuring the density of IAPs, namely ground-

based surveying, automatic classification of drone images, and manual classification of drone images.  

4.1 Which method provides the most reliable density estimation of IAP cover? 

Under the first research question, it was hypothesized that drone technology would provide better 

estimations of IAP density. The results indicated that drone technology produced density estimates 

similar to, or slightly better than, the ground sampling techniques, thus supporting the hypothesis. The 

automatic classification technique provided the best results for the larger study sites (1 ha), whereas 

the manual classification provided better results for the smaller study sites (0.5 ha). 

4.4.1 Larger sites vs. smaller sites 

For the large study sites, the results indicate that the stem count consistently underestimated the density 

of IAPs, with very little variation in the data (Figure 9). The low similarity between the stem counts 

and baseline data could have resulted from the IAP’s stems not falling within the quadrats and thus not 

being counted. Consequently, when this data was extrapolated for the entire study site, it significantly 

underestimated the density of IAPs. The miscalculation of IAP density was expected as other research 

also discovered that ground-based methods such as stem counts did not extrapolate data accurately to 

the entire study site, especially when the target species were irregularly distributed (Kerr and 
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Ostrovsky 2003; Tay et al. 2018). Additionally, ground surveys are susceptible to human errors such 

as researcher fatigue or limited knowledge in identifying IAPs, thus further contributing to the 

underestimation of IAP density (Barnas et al. 2019). 

Compared to the stem count density estimates, the density data produced by the manual classification 

was slightly more similar to the baseline data. The results indicated that the manual classification 

produced similar densities for half of the large study sites, but consistently underestimated the IAP 

density for the other study sites. In contrast, other studies have found manual classification to produce 

very accurate density data (Hill et al. 2017). However, seeing as manual classification of vegetation is 

subjected to the knowledge and experience of the interpreter  (Mararakanye et al. 2017; Rwanga and 

Ndambuki 2017) it is understandable that the results differed from other studies. Therefore, the 

underestimation of IAP density estimates were most likely the result of inexperience and thus human 

error. Furthermore, it was found that during the manual classification process, certain shrubby IAPs 

were difficult to classify as they looked similar to the indigenous fynbos. This may be the result of 

herbaceous alien shrubs (e.g., Leptospermum laevigatum) being more difficult to identify within the 

fynbos compared to the invasive alien trees (e.g., Acacia saligna). The Leptospermum laevigatum were 

common in the six underestimated sites. Therefore, it is possible that they were not classified, thus 

further contributing to the underestimation of IAP density.  

The results indicated that the automatic classification produced IAP density data that was the most 

comparable to the baseline density data of the large study sites. The automatic classification produced 

the best results as it used an unmonitored algorithm to classify the IAPs, thus repressing the human 

error that the other two methods were subjected to. Although this method produced the best results 

overall, compared to the baseline density data it overestimated and/or underestimated the density of 

IAPs at the first three sites. It is challenging to determine which method is the most accurate, but under- 

or overestimation can result from vegetation with similar colours to the IAPs being misclassified (Tay 

et al. 2018). The similarity in colour between IAPs and indigenous vegetation can hinder the automatic 

classification algorithm as each pixel is classified depending on the colour. Yet, with few data outliers 

and a data range that is relatively narrow, the results shown here indicate that the automatic 

classification produced accurate and consistent estimates of IAP density. 

Even for smaller sites, the stem count produced density estimates that were significantly different from 

the baseline data, thus indicating that this method is still not reliable for smaller areas. Again, the use 

of drone technology was more reliable for the smaller sites. However, in this instance, manual 

classification produced IAP density estimates that were slightly more similar to the baseline data than 

the automatic classification methods. These results agree with other studies that found the manual 
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classification method to be more efficient than automatic classification and traditional ground surveys 

(Hill et al. 2017). 

The results indicate that, for larger sites, the automatic classification method is the most effective 

method to use, whereas, for smaller sites, manual classification may provide slightly better density 

estimates. The manual and automatic classification provided better density estimates as drones can 

provide a more inclusive view of a landscape than that of a ground-based surveyor (Hill et al. 2017). 

Therefore, inaccurate estimations produced from extrapolating data to account for an entire site is 

limited with drone technology. Although the drone methods produced better IAP density estimates, 

results from this study showed that they can sometimes overestimate or underestimated the densities 

of some sites. Errors in density estimation can propagate from image capture, as fast movements from 

wind turbulence can cause imagery blurring and partial distortion within the orthomosaics that are used 

for analysis (Lehmann et al. 2017). As a consequence of poor image quality, the training and reference 

data could be flawed (Graça et al. 2017). This can reduce the accuracy of the random forest algorithm 

and make it more difficult for the interpreter to classify different vegetation manually (Lehmann et al. 

2017). Therefore, the use of a drone is limited to less windy days. 

Although the % cover of IAP provided a good base to compare the drone and stem count data to, it 

must be acknowledged that the field baseline data could have also provided inaccurate density 

estimates. For instance, all three methods produced IAP densities lower than the baseline data for the 

first study site. This indicates that the site's baseline field data could be inaccurate and thus 

overestimated IAP density. Slight inaccuracies in the baseline field data was anticipated as previous 

research has found that field surveys have the ability to produce significant data errors (Hill et al. 

2017). Therefore, it is suggested that all three methods may not have as severely underestimated the 

IAP density of this site, but rather the baseline field data was incorrect and overestimated the IAP 

density. 

4.2 Which method was more time-efficient? 

Although drone techniques can provide good estimates of IAP density, effective removal programmes 

will also be benefited by the rapid collection of density data. Before this study took place, it was 

hypothesized that drone technology would be the most time-efficient method in estimating the density 

of IAPs. This study proved that automatic classification was the least time-consuming method, whereas 

manual digitization proved to be the most time-consuming.  

The results indicated that the ground-based surveys were the second most time-consuming method. 

This is owing to the fact that surveyors had to walk along transects through dense vegetation and 

unstable terrain. Additionally, large areas had to be covered by the surveyors. However, the presence 
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of surveyors in the field allowed for additional data, such as identifying indigenous plant species, the 

measurement of plant height, and the percentage of ground cover to be collected. Thus, simple ground-

surveys that collect supplementary data on the study site may still play a vital role in vegetation 

surveys, especially with regards to confirming invasive species identity. 

In comparison, the manual classification of drone images proved to be the least time-efficient process. 

Although the drone allowed for rapid data collection, the manual digitization of the data was very time-

consuming. However, the time taken for the digitization process depends on the user's experience 

(Mararakanye et al. 2017), thus indicating that this process could have been more time-efficient with 

a more experienced user.  

Automatic classification proved to be the most time efficient as the only time required was for data 

collection by the drone and time spent on creating training data. The time taken for data processing 

was not included as it was not supervised by a person. Nevertheless, even if the unsupervised hours 

were included, once the algorithm was trained to identify IAPs in a particular study site it, the same 

training data could be reapplied for surveys of that site, thus saving time in site revisits (Hamylton et 

al. 2020). 

Furthermore, other studies found that the amount of computer processing power and time required 

would have increased with the image's resolution (Cruzan et al. 2016). Consequently, the scalability 

of drone technology in IAP removal programmes may be limited as larger survey areas require more 

data to process (Cruzan et al. 2016). However, the time to process data can be addressed by improving 

computer processing power (Hill et al. 2017). 

4.3 Implications for Conservation and IAP removal programmes 

This study showed that field-based surveys require a considerable investment of time and effort whilst 

still producing relatively unreliable results. Additionally, walking large areas, often in difficult terrain, 

is counterproductive and unviable in terms of practicality, budget and safety of the surveyors 

(Lehmann et al. 2017). Furthermore, field surveys are not able to provide spatially explicit information 

of large study sites. It was expected, unlike ground-based surveys, that the drones would not be able 

to identify individual IAP plants (Müllerová 2019). However, this was not the case with this study nor 

other studies (Müllerová 2019) which found that automatic classification algorithms were able detect  

individual IAP species, indicating that the resolution of the data was sufficient. Whereas, during 

ground-surveys the transects often missed small IAP plants and therefore they were not included in the 

stem count. Consequently, aerial images produced by drones are relevant for studying large areas, 

especially when the plant population is distributed heterogeneously (Tay et al. 2018).  
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Instead of drones, many studies have been using satellite remote sensing (RS) data to obtain aerial 

images of a study site. For instance, a study by Holden et al. (2021) found RS data produced by 

satellites to be useful in identifying IAPs within water towers in South Africa. Like drone technology, 

RS techniques capture data at large spatial extents whilst requiring little labour (Royimani et al. 2019). 

However, high-resolution RS imagery from satellites is very expensive to obtain and therefore is not 

feasible for small- to medium-scale IAP removal programmes but is rather used for large scale regional 

or country mapping (Müllerová 2019). Although free RS data is available, these open-source data sets 

(e.g., Google Earth) have coarse resolutions and thus restricted applications (Tay et al. 2018). 

Furthermore, the automated identification of a plant species from RS data can be challenging, 

particularly when the landscape is complex and has a heterogenous vegetation cover (Tay et al. 2018). 

In contrast, maps created from drone images offer higher spatial resolutions, are feasible, and are more 

flexible in data acquisition than open-source RS data (Lehmann et al. 2017; Müllerová 2019). 

Although drones have proven to be the most applicable to IAP removal programmes than ground-

based surveys and RS, there are many legal constraints for drone flights in South Africa. Drone flights 

are regulated by the South African Civil Aviation Authority (SACAA). The SACAA has placed 

numerous restrictions on drone flights, including where and how they can take place. The regulations 

specify that without a permit drones can only be used for private purposes without commercial 

outcome or gain. For commercial, corporate, and non-profit uses, drones have to be registered and can 

only be operated by qualified and licensed pilots. Therefore, it is costly and tedious to become legally 

compliant with these regulations. Additionally, drone flights are not allowed to occur near urban areas, 

thus prohibiting surveys of these often invaded places (Dvořák et al. 2015). These regulations are 

mainly concerned with protecting the privacy of the public. However, this is creating an excessive 

barrier to the potential advantages of utilizing drones for conservation in national parks and nature 

reserves where privacy concerns are irrelevant.  

If the limitations of drone laws can be overcome, drones will be able to circumvent the limitations put 

forth by traditional ground-based surveys. Drones provide efficient and timely data on the density of 

IAPs and therefore can assist urgent management actions within the field, monitor the control efforts, 

and allow for revisitations of the infested sites. This revisitation is vital as it helps avert new IAPs from 

reaching maturity, restocking the seed banks and thus restoring the invasion process (Lehmann et al. 

2017). Through this study and other studies, drones have proven to be flexible monitoring tools as they 

can be deployed with little planning (Koh and Wich 2012; Ancin-Murguzur et al. 2020). For instance, 

the drone flight can be started almost immediately after arrival at the study area, thus making it 

effective to use during weather conditions that may disturb the original fieldwork plans. Furthermore, 

the efficient IAP density estimates produced through drone technology will allow the managers to 
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acquire the right amount of pesticide and other materials for the IAP removal (Hill et al. 2017). 

Consequently, IAP removals will be more effective, thus requiring less follow up treatments and 

ultimately saving landowners money. In due course, the use of drones in IAP removal programmes 

will help mitigate the negative effects of IAPs, thus contributing to the conservation of endemic flora 

and fauna in the highly threatened CFR. 

To further improve the impact that drones will have on conservation, future studies should take 

advantage of the flexibility of drones and conduct the aerial surveys during flowering time when the 

IAPs are producing prominent flowers. During the manual classification process it was difficult to 

identify IAP herbaceous species such as the Leptospermum laevigatum because they are similar in 

colour to the surrounding fynbos and have small discreet leaves. Furthermore, as the random forest 

classification classifies pixels based on colour, it is also likely that the similar colours between 

indigenous plants and IAPs hindered the automatic classification process. Therefore, some IAP species 

may be better detected at certain phenological stages when their flowers make them more conspicuous 

(Huang and Asner 2009; Somodi et al. 2012; Müllerová 2019), or by using other visual bands such as 

near-infrared (Buitrago et al. 2018). Additionally, while creating training data for the automatic 

classification algorithm, more vegetation classes could be specified thus allowing for similar-looking 

plants to be distinguished from one another (Shiferaw et al. 2019). However, it must be noted that a 

higher volume of training data will be more computationally demanding. 

5 Conclusion 

IAP removal programmes play a vital role in the conservation of rare biodiversity in the CFR. This 

study showed that drone technology has many advantages over traditional ground-based surveys and 

therefore can further improve IAP removal programmes. Drone technology has the ability to 

circumvent the disadvantages of ground-based surveys such as human error, and biased data 

extrapolation. The integration of drones into the toolkit of IAP removal programmes within the CFR 

can lead to substantial savings regarding time, labour, and financial resources. Additionally, it has the 

capacity to increase the efficiency of removal programmes as it enables prioritization of eradication 

efforts to the most invaded sites as well as facilitates site revisits. However, for drone technology to 

reach its full potential within South Africa, drone laws pertaining to conservation need to be urgently 

revised.  
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Appendixes 

Appendix A 

The data collection sheet for ground-based surveys: 

  

 

     

 Assessor:       

   

 Date of Assessment: 

   

 Farm name: 

   

 NBAL ID/Block ID: 

   

 GPS Coordinates S:   

   

 GPS Coordinates E:   

   

 Time Taken: 

   

Quadrat 
Genus of dominant 

native plants 
Alien Invasive species 

Stem 

Count 

of 

Alien 

plants 

% of Alien 

plants 

% ground 

covered 

by all 

vegetation 

Height of 

tallest 

dominant 

plant (cm) 

1              

2              

3              

4              

5              
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9              
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13              
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26              



30 

 

 

 

 

 

 

 

 

 

 

27              

28              

29              

30              

31              

32              

33              

34              

35              

36              

37              

38              

39              

40              



31 

 

Appendix B 

 

  

Flower Valley Site 

Flower Valley Site 

Flower Valley Site 

Flower Valley Site 

Flower Valley Site 
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Fairfield 

Heidehof Site A 

Heidehof Site B 

Lomond Site A 

Lomond Site B 

Figure B 1. The orthomosaics of each study site (far right) with the output of the automatic classification on the left, the output 

of the manual classification in the middle. The legend on the top left explains the different classes of the automatic 

classification. 


