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Abstract

Presently, there are an estimated 6.9 million wild pigs (Sus

scrofa) in the U.S., which cause over US$1 billion in damage to

agriculture, environmental impacts, and control costs. How-

ever, estimates of damage have varied widely, creating a need

for standardized monitoring and a method to accurately

estimate the economic costs of direct wild pig damage to

agriculture. The goal of our study was to integrate remotely

sensed imagery from drones and crop harvest data to quantify

wild pig damage in corn fields. We used drones with natural

color (red, green, blue) cameras to monitor corn fields at

different growth stages in an agricultural matrix in Delta

County, Texas, USA, during 2019–2020. We flew 36 drone

missions and classified wild pig damage in 18 orthomosaics by

a combination of manually digitizing and deep‐learning algo-

rithms. We compared estimates of damage from drone imagery

to those derived from ground‐based transect surveys, to verify

pig damage. Finally, we compared damaged areas of fields to

maps of collected real‐time yields at harvest to estimate yield

loss. All classified drone orthomosaics of pig damage had >80%

overall accuracy for all growth stages. Ground transect surveys,
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which subsampled 2.6–4.1% of the field, were found to miss

damage compared to the complete field coverage provided by

drone imagery. Most damage occurred in latter growth stages,

when corn ears were maturing, seed was most nutritious, and

producers had already invested in the majority of annual crop

inputs. Wild pigs damaged up to 9.2% of a single monitored

field, which resulted in a mean loss of 3,416 kg of corn/ha and

a direct cost to producers of US$17.18–48.24 per ha of

damage. Drone imagery, when combined with spatially‐

explicit, harvest yield data, provides an accurate assessment

of crop damage and yield loss due to wild pigs in the currency

required for the cost‐benefit evaluation of management

actions.

K E YWORD S

crop damage, deep‐learning, drones, harvest yield, Sus scrofa, wild pigs,
wildlife damage management

Populations of wild or feral pigs (Sus scrofa), also known as wild boar, are globally widespread and represent a

significant environmental and economic problem, even in their native range of Eurasia and North Africa (Barrios‐

Garcia and Ballari 2012). Currently, wild pigs are found on 6 of the 7 continents and have been considered one of

the 100 World's Worst Invasive Alien Species (Lowe et al. 2000). Wild pigs were first introduced to the western

hemisphere ~1220 CE during the colonization of the Hawaiian Islands by Polynesians (Wilmshurst et al. 2011, Hess

et al. 2020) and to mainland North America in the 16th century by European settlers (Wood and Barrett 1979, West

et al. 2009). Over the past 4 decades, the range of wild pigs has expanded into 35 states in the U.S., and the current

population is estimated at 6.9 million, which has almost tripled since 1982 (Lewis et al. 2019). The recent

proliferation and expansion of wild pigs is credited to both behavioral and anthropogenic factors (Seward

et al. 2004, Bevins et al. 2014, Tabak et al. 2017). Wild pigs are highly adaptable, have an omnivorous diet, and high

reproductive rates (Singer et al. 1984, Samiappan et al. 2018). Besides dispersing on their own, humans also

translocate and release wild pigs due to their popularity with hunters (Seward et al. 2004, Bevins et al. 2014, Tabak

et al. 2017, McCann et al. 2018, Fischer et al. 2020).

With range expansion of wild pigs comes the cost of billions of dollars in environmental and economic impacts,

which is far greater than the hunting industry income they generate (Seward et al. 2004, Massei et al. 2011, Fischer

et al. 2020). Multiple studies across the globe have reported the negative impact of wild pigs to agricultural crops

(Seward et al. 2004, Herrero et al. 2006, Gentle et al. 2011, McKee et al. 2020). Wild pig damage to agriculture

costs millions of U.S. dollars annually (Hill 1997, Pedrosa et al. 2015, McKee et al. 2020), resulting in lost revenue

for agricultural producers (Hill 1997, Gong et al. 2009, Pedrosa et al. 2015).

Prior studies that quantified the spatial and temporal scale of wild pig damage and economic cost relied on

producer surveys and ground sampling (Anderson et al. 2016, Engeman et al. 2018, Boyce et al. 2020). Assessment

of wild pig damage using ground surveys is time consuming (Herrero et al. 2006, Poudyal et al. 2017, Boyce

et al. 2020) and becomes difficult as plant growth impedes visibility and reduces the proportion of the field that

surveyors can sample (Engeman et al. 2018). Accurate and efficient estimates of harvest loss due to wild pigs would

enable financial compensation to producers through crop insurance claims (Michez et al. 2016, McKee et al. 2020).

Such estimates would also provide the most accurate cost of wild pigs on the landscape.
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Remote sensing approaches already used in precision agricultural practices at the farm and field scale

(Bohon 2014, Rembold et al. 2015, Houborg and McCabe 2016, Garza et al. 2020, Weiss et al. 2020) could provide

a more efficient method to monitor and assess wild pig damage. Remotely sensed data are widely available at the

global (e.g., Planet Labs, Sentinel‐2, Landsat satellite constellations) and national scale (National Agriculture Imagery

Program), providing high spatial‐ and temporal‐resolution data that can be used to assess, study, monitor, and map

agricultural landscapes (Bohon 2014, Frotscher et al. 2016, Perotto‐Baldivieso et al. 2020). At finer scales, drones

can provide high‐resolution data with natural color, multispectral, thermal, hyperspectral imagery, and high‐

definition video (Hodgson et al. 2016, Green et al. 2019, DiMaggio et al. 2020). Recent advances in drone‐based

imagery acquisition allows for deep‐learning techniques with advanced software to classify and detect specific

features or objects based on spectral, spatial, and structural patterns (Gustafson et al. 2018, Fischer et al. 2019).

Recent research has focused on drones and object detection technology to monitor timing and extent of wild

pig damage at a field scale (Michez et al. 2016, Kuzelka and Surovy 2018, Rutten et al. 2018, Samiappan et al. 2018,

Fischer et al. 2019). Approaches to train and fully automate classification of wild pig damage include crop height

models (Michez et al. 2016, Kuzelka and Surovy 2018), vegetation indices calculated from multispectral drone

imagery (Houborg and McCabe 2016, Fischer et al. 2019), and textural feature extractions (Samiappan et al. 2018,

Fischer et al. 2019). Studies concluded that drone approaches were a useful tool to efficiently estimate wild pig

damaged areas in crops, yet when it came to determining yield losses, an approximate estimate based on regional

yield averages was used (Rutten et al. 2018). The timing and extent of wild pig damage and total losses in harvest

yield are critical to a farmer's livelihood (Tzilkowski et al. 2002).

Producer and ground surveys may over or underestimate lost income (Rutten et al. 2018, McKee et al. 2020,

Carlisle et al. 2021). As such, standardized and accurate methods of monitoring wild pig agricultural damage to

estimate economic losses is needed. The goal of our study was to integrate drone approaches, crop harvest data,

and crop phenology to quantify wild pig damage in corn (Zea mays) fields, which is a highly preferred crop by wild

pigs (Schley and Roper 2003, Herrero et al. 2006, Michez et al. 2016, Fischer et al. 2019). Our objectives were to 1)

evaluate the use of drones to detect wild pig damage early in the plant establishment stage, as well as when the

corn is maturing, and 2) assess the relationship between wild pig damage and harvest yield data.

STUDY AREA

We conducted our study in northeastern Texas, USA, primarily in Delta County and a small southeast corner of

Lamar County (Figure 1). Delta County is bordered by the North Sulphur and South Sulphur rivers, contains

720 km2 of the Blackland Prairies ecoregion, with prime farmland covering 51–60% of the county

(McCroskey 2016). Lamar County is bordered by the Red River on the north and North Sulphur River on the

south and contains 2,380 km2 of pasture and farmland, with scattered timber forests (Ludeman 2016). Soil texture

ranges from deep clay to clay with a dark loam (Ludeman 2016, McCroskey 2016). The vegetation in the region

includes hardwoods, such as oak (Quercus spp.), elm (Ulmus spp.), pecan (Carya illinoinensis), and mesquite (Prosopis

glandulosa), and prairies and pastures with grasses such as Texas grama (Bouteloua rigidiseta), buffalograss (Buchloe

dactyloides), and bunchgrass (Festuca idahoensis; McCroskey 2016). According to the 2017 Census of Agriculture for

Delta County, there were 571 farms and ranches, covering an area of 58,200 ha, and 56% of that land was in farms

used for crops (U.S. Department of Agriculture [USDA] 2017). Major crops in this region include corn, wheat

(Triticum), soybeans (Glycine max), sorghum (Sorghum bicolor), forage or hay, and cotton (Gossypium; USDA 2017).

The climate in the region is warm and wet, with an annual average rainfall of 1,010mm and elevation range of

122 to 152 m above sea level. The temperatures range from an average of −1°C in January to an average of 35°C in

July (McCroskey 2016). The first freeze generally occurs in November and the last freeze in March, which allows for

a 233 day growing season. Since weather conditions specific to our study area impacted data collection, it is

important to point out that according to the National Oceanic and Atmospheric Administration Climate at a Glance
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records (https://www.ncei.noaa.gov/), from April 2019 to September 2020 Delta County experienced the fourth

wettest 18‐month period since 1945, receiving 2,324mm of precipitation, compared to the 1901–2000 average of

1,671mm. It is also important to note that intense aerial gunning efforts to remove wild pigs were carried out by

Texas Wildlife Services in February and March of 2019 and 2020 throughout the study area, immediately prior to

planting and continued removal efforts by trapping and ground shooting throughout the entirety of the growing

season.

METHODS

Drone flights

We monitored a total of 10 corn fields (n = 5 in 2019 and n = 5 in 2020) ranging from 30 to 112 ha in size on 2

separate farms (Figure 1) with history of annual wild pig damage. We conducted drone flights April through August

in 2019 and May through August in 2020 to monitor wild pig damage to corn. In 2019 we flew a DJI Phantom 4 Pro

v.2 and in 2020 we flew a DJI Phantom 4 Pro v.2 RTK (DJI, Shenzhen, China). Both drone units had a mounted

natural color camera (red, green and blue bands [RGB]) that collected images with a resolution of 20 megapixels.

The DJI Phantom 4 Pro v.2 RTK had a D‐RTK 2 Mobile Station that connected to the drone along with a built in

F IGURE 1 Corn fields in Delta County, Texas, USA, monitored for wild pig damage. Drones were used to
capture imagery of each field at 100m above ground level to detect and quantify wild pig damage at different
corn growth stages. Fields 1, 2, 3, 9 and 14 were flown in 2019 and fields 1, 2, 3, 8, and 11 in 2020. Imagery
from the National Agriculture Imagery Program (Texas Natural Resources Information System [tnris.org]).
Accessed 25 September 2020.
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GPS/GLONASS system (Global Positioning System/Global Navigation Satellite System), which accounted for real‐

time mapping corrections with horizontal accuracy of 2 cm or better (Page et al. 2022), optimized relative accuracy,

and required less ground control points during flights (Garza et al. 2020, Taddia et al. 2020). We used Pix4D

Capture (Pix4D S.A., Prilly, Switzerland) to conduct flights and collect imagery. Flight altitude was 100m above

ground level (AGL) at a speed of 3–5 km/h, −90◦ camera angle, with 80% image overlap and sidelap (DiMaggio

et al. 2020). All flights took place on sunny, clear days with winds <16 km h−1 and were conducted between 0930

and 1430 to minimize shadows (DiMaggio et al. 2020, Page et al. 2022).

We conducted flights throughout 4 corn growth stages to determine if different types of crop damage could be

detected and quantified from drone imagery (Table 1). The 4 corn growth stages are establishment, vegetative,

blister‐milk, and dent‐mature (Nafziger 2009). Wild pig damage differs during distinct corn growth stages (Figure 2);

wild pigs use their snout to root up seeds and seedlings during the establishment stage, then trample plants in the

latter reproductive stages (R2 blister‐milk and R6 dent‐mature stages) once kernels are beginning to form and

provide maximum nutritional value (Schley et al. 2008, Bleier et al. 2017, Boyce et al. 2020). Flights started in the

establishment stage, occurring between 10–36 days after planting and then again in each of the following 3 growth

stages. We flew 36 missions: 24 in 2019 and 12 in 2020. Out of those 36, 5 were in the establishment stage, 14 in

the vegetative stage, 9 in the blister‐milk stage, and 8 in the dent‐mature stage of corn growth. We did not have

flights during the establishment stage in 2020 due to weather and travel issues and restrictions due to a global

pandemic.

Ground data collection

In 2019 and 2020, we assessed corn damage due to wild pigs using an established method of walking transects

across a portion of each field (Engeman and Sugihara 1998, Engeman and Sterner 2002, Gilsdorf et al. 2004,

Engeman 2017). Transect surveys are commonly used by wildlife damage management professionals and served as

TABLE 1 Drone flight dates in different growth stages of monitored corn fields in Delta County, TX, USA, in
2019 and 2020.

Year Field

Flight dates

Establishment Vegetative Blister‐milk Dent‐mature

2019 1 1‐April* 22‐May 19‐June 9‐Julyb 13‐Augustb

2 1‐April* 22‐May 19‐June 9‐Julyb 13‐Augustb

3 1‐April* 22‐May 19‐June 9‐Julyb 13‐Augustb

9 2‐April* 22‐May 9‐July* 26‐July*

14 3‐Aprila 22‐May 20‐June 9‐July* 23‐August*

2020 1 6‐May 16‐Julyb 4‐Augustc

2 6‐May

3 6‐May 16‐Julyb

8 6‐May 16‐Julyb 4‐Augustb

11 6‐May 16‐July* 4‐August*

*Flights used for analysis of detecting wild pig damage in different corn growth stages.
aHeavy rain event made wild pig damage indistinguishable.
bComplete orthomosaics unable to be created.
cNo harvest yield data.
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a ground truthing validation of the drone imagery. We mapped out and walked transects that paralleled planted

crop rows, each transect (hereafter, transect polygon) consisting of 12 rows wide (approximately 28m) and spaced

225m apart throughout each monitored field. To record wild pig damage in 2019, we used a measuring wheel to

measure each segment of rooting damage and totaled the segments of damage at the end of each row during the

establishment stage. We collected ground data using this method for 5 fields in 2019 in the establishment stage

16–20 days after drone flights due to weather conditions.

F IGURE 2 Corn growth stages from seed emergence (VE), vegetative stages (V) and kernel development once
the plant reached the reproductive stages (represented by an R) in Delta County, Texas, USA during the spring and
summer months of 2019 and 2020. Photos represent the type of wild pig damage to the plant at different growth
stages (left to right): rooting up seeds and soil in the VE establishment stage, trampling and consumption of kernels
in the R2 blister‐milk stage and R6 dent‐mature stage. Corn growth stages adapted from Pioneer (https://www.
pioneer.com/us/agronomy/staging_corn_growth.html; Nafziger 2009).
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In the latter growth stages in 2019 and all ground surveys in 2020, we used a GPS (Bad Elf, West Hartford, CT,

USA) and Collector app (Esri, Redlands, CA, USA) to mark polygons around areas of damaged corn plants observed

within each transect. In 2019, we collected ground data within 2 days after drone flights during the vegetative,

blister‐milk, and dent‐mature growth stages. In 2020, we collected ground data for 5 fields within 2 days after each

flight, in the vegetative stage, blister‐milk and dent‐mature stages.

Harvest yield data

We acquired spatially indexed harvest yield data for 5 fields in 2019 and 2 fields in 2020. Harvest yield data were

collected using a precision agriculture controller (CLAAS Lexion 750; CLAAS, Harsewinkel, Westphalia, Germany)

and software (Climate Fieldview; The Climate Corporation, San Francisco, CA, USA) mounted on a combine to

collect and map real‐time yield data as the corn was being harvested. Grain cart scales were used before harvest

and frequently during harvest to recalibrate yield and moisture sensors on the combine to maximize accuracy of

yield data (Grisso et al. 2009). We downloaded yield data with Field Operations Viewer and used field operations

device driver for Precision Planting 20/20 (Granular Inc., Ames, IA, USA) to obtain point data and quantify yield

(we used the dry yield value). Harvest data were then imported into ArcMap 10.8 (Esri) as a point shapefile for

further analysis.

Data analysis

Drone imagery processing

Imagery captured by the drone was processed in Pix4Dmapper (Pix4D S. A., Prilly, Switzerland), which enabled us to

stitch overlapping images together to create 2‐D orthomosaics and 3‐D models of each flight (DiMaggio et al. 2020,

Page et al. 2022). Pix4Dmapper uses the structure from motion algorithm to create 3‐D photogrammetric meshes

and 3‐D point cloud datasets (X, Y, Z), generating a digital surface model (DSM) and digital terrain model (DTM;

Kuzelka and Surovy 2018, DiMaggio et al. 2020, Page et al. 2022). The DSM represents height values of the

vegetation canopy and the DTM depicts elevation values of the terrain (Jimenez‐Jimenez et al. 2021). To calculate

the height of the vegetation, we subtracted the DSM from DTM to get a normalized DSM (nDSM; Mayr et al. 2018,

Page et al. 2022).

Classification of wild pig damage

The forms of damage and plant heights differ among corn growth stages (Figure 3). Therefore, we used different

approaches to classify wild pig damage in the establishment stage and latter growth stages. For the establishment

stage, we delineated wild pig damage using drone imagery at a nominal scale of 1:100. We used this method for 4 of

the 5 fields in 2019. We could not use this method in 1 of the 5 fields because large amounts of rainfall in our study

area made wild pig damage indistinguishable from tire tracks and planting equipment. Wild pig damage that we

were able to identify and not distorted by heavy rainfall, were dark, straight lines of disturbed soil caused by wild pig

rooting that followed the planted rows (Figure 3A,B). To estimate percentage of wild pig damage found within

transect polygons during the establishment stage, we divided the total meters of damage by wild pigs by the total

meters of the transect rows, per field (Engeman and Sterner 2002, Engeman 2017).

To quantify damage in the blister‐milk and dent‐mature stages, we used 2 fields from 2019 and one field from

2020 because these fields had orthomosaics for each of the stages and harvest yield data maps. We combined the
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drone RGB orthomosaic and the height raster nDSM data to train deep‐learning models to identify damaged areas

for the blister‐milk (Figure 3C,D) and dent‐mature stages (Figure 3E,F). We ran the deep‐learning algorithm

in ArcPro 2.7 (ESRI); this algorithm uses convolutional neural network models trained to recognize specific patterns

in an image (Ferentinos 2018). The first step was to use the Train ISO cluster classifier tool, which performs an

unsupervised classification (Lemenkova 2021) on the RGB orthomosaic and height raster nDSM, with a max number

F IGURE 3 Images of different types of wild pig damage at different growth stages of corn taken during ground
surveys and from drone flights in monitored corn fields in Delta County, Texas, USA, in 2019 and 2020. Wild pig
rooting damage from ground level during the establishment stage (A) and from drone imagery at a scale of 1:100 (B).
Wild pig damage by trampling plants from ground level during the blister‐milk stage (C) and from drone imagery (D).
Wild pig damage during the dent‐mature stage, pictured from the ground (E) and from drone imagery (F).
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of classes/clusters set at 25. TheTrain ISO cluster classifier is machine learning based on color bands of the imagery,

does not require ground survey data (Lemenkova 2021), and creates an ESRI Classifier definition file output, which

contains all the parameters required for classification in the next steps. We then used the output, RGB orthomosaic,

and nDSM to generate a classified raster with 25 classes using the Classify Raster tool. The 25‐class raster and the

RGB orthomosaic were used as input for the Export Training Data for Deep Learning tool, with the metadata format

set on classified tiles. The output creates a folder containing images, labels, maps, and stats of the created training

data or image chips identified in the drone imagery (2.9 cm2; Page et al. 2022). We applied theTrain Deep Learning

Model tool (Esri 2022) to the RGB orthomosaic and image chips using the following parameters: max epochs

(amount of times the dataset will be passed back and forth through the neural network) set at a default value of

20, model type was u‐net pixel classification, batch size of training samples processed at a time is the default size of

2, backbone model is the default ResNet‐34 (preconfigured model with more than 1 million images and is 34 layers

deep), and validation percentage at a default value of 10 (10 percent of the training samples will be used to validate

the model; ESRI 2022). Finally, we used the Classify Pixels Using Deep Learning tool with an input raster of the

RGB orthomosaic and model definition of Esri Model Definition File and Deep Learning Model Package. The deep‐

learning model classified pixels based on training data and classified imagery which we then reclassified into 4 land

cover classes: corn (undamaged), wild pig damaged corn, herbaceous, and bare (Figure 4). The above steps were

summarized in a workflow created to assist other researchers planning to follow similar methods of classifying crop

damage (Figure S1, available in Supporting Information).

To improve the accuracy of our classification for 3 fields during the blister milk and dent mature growth stages,

we created 150 points for each observed class in the RGB orthomosaic: corn (undamaged), wild pig damaged corn,

herbaceous, and bare (Figure S1). We extracted the height values for each one of the points from the nDSM layer,

calculated mean height per land cover class, and reclassified the nDSM layer (Michez et al. 2016) into 4 land cover

classes using the mean and standard error. We used the reclassified nDSM to correct land cover classes that had

more than one cover type. We repeated this procedure for each field to account for variability in terrain, vegetation

height, and flight quality (Fischer et al. 2019). We combined the classified imagery produced from deep‐learning and

the reclassified nDSM by using the Raster Calculator tool in ArcMap 10.8 (ESRI) to obtain a final classification for

the imagery (Figure S1). To create a classified image that displayed all classified wild pig damage in one layer, we

used the Raster Calculator tool to overlay the final classified image from the blister milk and dent‐mature. This layer

will be referenced as Combined Damage throughout the manuscript.

We assessed classification accuracy for each classified orthomosaic using a confusion matrix as described by

Congalton (1991), Samiappan et al. (2018), and Fischer et al. (2019). We created 400 random points and we

assigned a class (corn, damage, herbaceous, or bare) through visual observation of the drone imagery (2.9 cm pixel

size) for each one of the points (Pulighe et al. 2016, Mata et al. 2018). We then extracted the raster pixel values

from the final classified imagery to each random point. We compared field data and image classification values by

constructing a confusion matrix (Table S1, available online in Supporting Information; Congalton 1991). Overall

accuracy corresponds to the percent of the number of pixels correctly classified for all classes, producer's accuracy

refers to the error of omission for each class (errors of exclusion or how well an area can be classified), and the user

accuracy represents the error of commission (error of inclusion or the probability a pixel is correctly classified) for

each class (Rutten et al. 2018, Fischer et al. 2019, Page et al. 2022).

Once this process was completed, we then multiplied the number of pixels per class by pixel area (8.41 cm2) to

estimate surface area and percentage of the transect polygons and field that wild pigs damaged. To verify wild pig

damage within the transect polygon, we performed a t‐test model in R (version 4.2.1, R Core Team 2019) to

compare the percentage of damage in the final classified drone orthomosaic to the percentage of damage polygons

marked from ground data collection. We used 2‐way analysis of variance (ANOVA) in R (R Core Team 2019) to

compare mean damage estimated from transect polygons and 100% drone coverage. The dependent variable was

percentage of wild pig damage and the 2 independent variables were the method of damage estimation and stage

of corn growth.
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For field validation, we estimated the cost of yield loss due to wild pig damage by using the Extract Multi‐

Values tool in ArcMap 10.8 (ESRI) to extract land cover classes at each harvest yield data point and averaged the

dry yield by corn and wild pig damaged corn. This process was used for the final blister‐milk, final dent‐mature, and

combined damage layers for each field. We calculated total loss as follows:

Loss in yield = Corn mean yield–Damage mean yield (1)

Cost = Loss in yield  Corn prices (price based on August of appropriate year) (2)

Total Loss = Cost   Surface area of wild pig damage (ha). (3)

F IGURE 4 Geospatial data collected from field 14 for the study of wild pig damage to corn in Delta County,
Texas, USA, in 2019. Classified image with 4 land cover classes (A), harvest yield (B), zoomed classification (C) and
orthomosaic captured with drone (D).
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According to the US Department of Agriculture website (https://www.nass.usda.gov/Charts_and_Maps/

Agricultural_Prices/pricecn.php), corn was priced at $0.16 per kg on 31 August 2019 and $0.12 per kg on 31

August 2020.

RESULTS

We were able to produce orthomosaics for 28 of the 36 drone missions flown. The final data set for analysis

consisted of 18 orthomosaics: 4 during the establishment stage, 8 during the vegetative stage, 3 during the blister‐

milk stage, and 3 during the dent‐mature stage. The remaining 10 orthomosaics were not included in analysis

because image processing errors prevented development of a DSM or DTM, or because of gaps in image stitching.

We were also unable to obtain harvest data for 3 of the 5 fields in 2020 due to the farmer using different harvesting

equipment, which did not provide yield estimates.

From the nDSM in latter growth stages, we found that mean corn height ranged from 0.67 to 0.95m and mean

damage height ranged from 0.14 to 0.27m (Figure 5). Overall accuracies of the image classification from the 3 fields

in the blister‐milk stage and dent‐mature stage were all ≥80% (Table 2). Producer's accuracy averaged 92.0% for

corn and 70.1% for wild pig damage, meaning a 92.0% probability that corn observed on the ground is correctly

F IGURE 5 Mean heights and standard deviations of corn and wild pig damaged corn cover classes, derived from
height rasters of fields 9, 11, and 14 in Delta County, Texas, USA, during the blister‐milk (A) and dent‐mature stages
(B) of corn growth in 2019 and 2020.
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classified, and 70.1% probability that wild pig damage observed on the ground is correctly classified. Mean user

accuracies of the drone orthomosaics classification were 83.5% for corn and 73.3% for wild pig damage, meaning

83.5% of the pixels classified as corn were actually corn and 73.3% of the pixels classified as wild pig damage were

actually wild pig damage.

There was no significant difference (t = −0.38, df = 9, P = 0.71) between wild pig damage verified from the

ground data and classified imagery within the transect polygons. No damage was recorded within the transect

polygon from ground survey data collection or from drone RGB orthomosaics in 2019 during the establishment

stage. We did not identify wild pig damage during the vegetative stage in 2019 and 2020, so they were not

classified. The values obtained on the ground within the transect polygons ranged from 0.58 to 0.93%

(<0.01–0.03 ha) in the blister‐milk stage and 1.57 to 3.81% (0.05 ha–0.16 ha) in the dent mature stage. The

percentages of total area classified as wild pig damage within the transect polygons in drone RGB orthomosaics

ranged from 1.01 to 1.57% (<0.01–0.05 ha) in the blister‐milk stage (n = 3) and 1.30 to 3.12% (0.01–0.13 ha) in the

dent mature stage (n = 3; Table 3).

The 2‐way ANOVA test showed that the amount of damage found was significantly different based on the corn

growth stage (F(2,25) = 30.996, P < 0.001), yet overall the method used to estimate damage showed no statistically

TABLE 2 Overall accuracy, producer's accuracy (error of omission), and user's accuracy (error of commission)
of the classification of corn and wild pig damage via drone orthomosaics during blister‐milk, dent‐mature growth
stages, and combined damage of corn in Fields 9, 14, and 11 in Delta County, Texas, USA, during 2019 and 2020.

Year Field Stage Overall accuracya Cover class Producer's accuracyb User's accuracyc

2019 9 Blister‐milk 87.6% Corn 93.9% 66.7%

Damage 66.7% 91.0%

Dent‐mature 86.5% Corn 91.3% 33.3%

Damage 60.0% 87.6%

Combined damage 80.0% Corn 88.2% 97.0%

Damage 73.3% 100.0%

14 Blister‐milk 87.4% Corn 94.1% 91.0%

Damage 50.0% 40.0%

Dent‐mature 88.0% Corn 87.8% 92.6%

Damage 75.0% 75.0%

Combined damage 83.5% Corn 90.6% 89.5%

Damage 70.0% 58.3%

2020 11 Blister‐milk 90.3% Corn 93.4% 96.4%

Damage 85.7% 66.7%

Dent‐mature 87.9% Corn 96.0% 90.3%

Damage 75.0% 60.0%

Combined damage 88.4% Corn 92.9% 95.0%

Damage 75.0% 81.0%

aThe proportion of the image classified correctly.
bThe error of omission; probability a pixel on the ground was classified correctly.
cThe error of commission; how often the class on the classified image will actually be correct on the ground or RGB

orthomosaic.
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significant difference (F(2,25) = 2.943, P = 0.07). Damage detected from 100% field coverage by drone detected

100% more damage than transect polygons during the establishment stage in 3 of the 4 fields. Drone‐based

estimates of wild pig damage during the establishment stage consisted of 2,454m (0.47% of the field) in field 1,

137m (0.02% of the field) in field 2, and 3m (<0.01% of the field) in field 3. Yet, no wild pig damage was detected in

field 9 during the establishment stage, which was what we saw in the transect polygons. Most damage was found

during the blister‐milk stage, where drone classified damage averaged 1.22 ha (x̅ = 2.77% of the field) and 2.51 ha

(x̅ = 3.03% of the field) in the dent‐mature stage, respectively. The 100% field coverage by drone detected 38%

more damage than the transect polygon estimates.

Total wild pig damage based on drone imagery found within the fields ranged from 4.0 to 9.2% (0.98–10.28 ha).

Average yield of corn was 6,948.64 kg/ha and average yield of wild pig‐damaged areas was 3,766.41 kg/ha in fields

9, 11, and 14 (Table 4). Area lost in Field 9 in 2019 was 0.98 ha with a yield loss of 2,616.77 kg/ha, so total loss was

2,564.43 kg of corn valued at $410.31. Area lost in Field 14 in 2019 was 10.28 ha with a yield loss 3,439.65 kg/ha,

so total loss was 35,359.61 kg of corn valued at $5,657.54. Area lost in Field 11 in 2020 was 2.37 ha with a yield

loss of 3,489.86 kg/ha, so total loss was 8,270.96 kg of corn valued at $992.52. Thus, total loss of income due to

wild pig damage estimated at $19.54 per ha in Field 9 and $50.51 per ha in Field 14 in 2019 and $16.82 per ha in

Field 11 in 2020 (Table 4).

DISCUSSION

Our aim was to give producers the means to conduct economic cost‐benefit analyses of wild pig damage to

agriculture using drone technology and custom workflows. Our study obtained accurate, real‐time harvest data that

verified yields in areas that had damaged corn plants and in areas with undamaged corn plants. Previous studies

estimated the total field yield by either ground sampling and estimating potential yields (Pandav et al. 2021) or

averaging yields from state‐wide and county statistics (Foster 2021), both of which can be less accurate due to the

diversity of agricultural field conditions, crop varieties, and weather conditions. Studies that used averaged yields

and quantified damage based on ground estimates and producer surveys estimated a 0.93% to 1.28% yield loss,

which corresponds with our 1.04% yield loss (Foster 2021). Areas of our monitored fields that experienced wild pig

damage showed a noticeably lower yield, which was expected, resulting in thousands of dollars in income loss to

producers in our study area. Yet, comparing the price of loss varies due to the fluctuating prices of the grain market

and the variability of different regions in terms of crop yield potential, which makes it difficult to compare our

findings to those of others. Although we were able to quantify direct damage to corn caused by wild pigs, there are

TABLE 3 Percentage of wild pig damage to corn fields within transects identified during ground surveys and
classified from drone orthomosaic imagery for Fields 9 and 14 in 2019 and Field 11 in 2020 in Delta County, Texas,
USA, compared to the total percentage of the field classified as wild pig damage from the UAV orthomosaics.

Year Field Field (ha) Transect (ha) Stage
Ground
transect %

Drone
transect %

Drone 100%
coverage

2019 9 21 ha 0.69 ha Blister‐milk 0.58% 1.01% 2.43%

9 Dent‐mature 1.74% 1.30% 1.95%

14 112 ha 4.30 ha Blister‐milk 0.93% 0.93% 1.02%

14 Dent‐mature 3.81% 3.12% 4.12%

2020 11 59 ha 3.18 ha Blister‐milk 0.63% 1.57% 3.25%

11 Dent‐mature 1.57% 1.88% 2.73%
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also indirect costs more difficult to enumerate (Carlisle et al. 2021). For instance, wild pigs rooting up soil in

agricultural areas results in damage to farming equipment, and more time and money needed to fix damaged fields

prior to planting. Moving forward, indirect costs should be considered when estimating wild pig damage to

agriculture.

Our results revealed that the severity of damage by wild pigs to corn is temporally dynamic with corn growth

stages. Wild pig damage is most visually obvious during the establishment stage, but the scale of damage at this

stage was minimal in terms of lost yield. There was no damage during the vegetative stage, when the plants were

less nutritious. Damage peaked during the latter growth stages (blister‐milk and dent‐mature), when corn provided

higher caloric content and cover for thermoregulation and safety (Schley et al. 2008, Bleier et al. 2017, Paolini

et al. 2018, Boyce et al. 2020). The damage we observed was similar to previous studies done by producer surveys

and ground data collection, with <5.0% of the field area damaged by wild pigs (Anderson et al. 2016, Engeman

et al. 2018). In our monitored fields, the percentage of total direct damage to crop fields was similar to previous

studies using drones estimating damage and loss of crops due to wild pigs (averaging less than <10%; Samiappan

et al. 2018, Fischer et al. 2019, Foster 2021). However, Rutten et al. (2018) found a higher average loss (17.2%) to

TABLE 4 Estimated area (ha) and average yield (kg/ha) of corn and damage ($USD) caused by wild pigs in
Fields 9, 14, and 11 during the blister‐milk stage, dent‐mature stage, and final classified raster (Combined Damage)
in Delta County, Texas, USA, during 2019 and 2020.

Year Field Field area (ha) Stage Cover class Cover class total ha Yield (kg/ha) Total lossa

2019 9 21 ha Blister‐milk Corn 13.20

Damage 0.51 $213.53

Dent‐mature Corn 7.89

Damage 0.41 $171.66

Combined damage Corn 15.15 6,138.64

Damage 0.98 3,521.87

Loss 0.98 2,616.77 $410.31

14 112 ha Blister‐milk Corn 73.29

Damage 1.14 $627.39

Dent‐mature Corn 50.63

Damage 4.61 $2,537.10

Combined damage Corn 49.51 6,841.64

Damage 10.28 3,401.99

Loss 10.28 3,439.65 $5,657.54

2020 11 59 ha Blister‐milk Corn 51.80

Damage 1.92 $804.06

Dent‐mature Corn 38.23

Damage 1.61 $674.24

Combined damage Corn 49.07 7,864.70

Damage 2.37 4,374.80

Loss 2.37 3,489.86 $992.52

aTotal loss of income due to wild pig damage.
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corn fields due to wild pig damage than we did. Damage may have been more prevalent if there were no removal

efforts in our study area (Engeman et al. 2018), but we were unable to evaluate the direct effects of management

efforts in this study. Future studies should consider how removal efforts and wild pig abundance throughout each

growth stage affects timing and extent of damage (Boyce et al. 2020).

We did not find a statistically significant difference between methods used to estimate damage. The lack of a

difference may be due to the smaller sample size we had for this study, resulting in low power to detect a difference

(Type II error; Dowdy and Weardon 1991, Reidy et al. 2008, Thiese et al. 2016). However, we observed that when

we assessed damage with a 100% field coverage, we obtained ~40% more damage than transects alone. Ground

surveys captured a small portion of the field area, which alone may not be sufficient to estimate wild pig damage

due to the function of the proportion of the field surveyed. Wild pig damage tends to be clumped and patchily

distributed, more commonly near sensitive areas such as field edges near cover or drainage ditches (MacGowan

et al. 2006, Boyce et al. 2020, Foster 2021). Overall, the relatively rare occurrence of wild pig damage would

require ground survey coverage over much of a field, especially sensitive areas, to accurately estimate damage.

Other studies also relied on producer surveys to quantify damaged areas by wild pigs, which can be biased and

often overestimated (Anderson et al. 2016, Pandav et al. 2021). Drones allow users to map out the entire field in a

time‐efficient manner and have the capability of accurately detecting wild pig damage in all growth stages.

We were able to develop imagery analysis workflows to successfully detect damage in all corn growth stages.

The approach of machine learning, classifying pixels from RGB mosaics and height rasters, differentiated damaged

vs. undamaged corn plants in the blister‐milk and dent‐mature growth stages with overall accuracies ≥80%, similar

to previous studies (Michez et al. 2016, Kuzelka and Surovy 2018, Garcia Millan et al. 2020). Using corn plant height

during the blistering and dent mature stages allowed us to differentiate wild pig damage from damage caused by

water or wind. The corn that was damaged by wild pigs was trampled and flat along the soil surface, versus corn

plants that endure water and wind damage resulting in stunted heights, delayed emergence, and root lodging

(Shrestha et al. 2013, Lindsey et al. 2021). The nDSM height raster can be used to detect damage in latter growth

stages of other crops such as sorghum, wheat, or hay fields that display a distinct height difference between healthy

plants and wild pig damaged plants (Kuzelka and Surovy 2018). However, pixel classification in drone imagery may

underestimate wild pig damage due to errors derived from orthomosaic stitching and classification processes

(Michez et al. 2016, Samiappan et al. 2018, Fischer et al. 2019). Other approaches that have proven efficient

include fully automated object‐ and feature‐based classifications, taking advantage of the unique pattern of wild pig

damage (Rutten et al. 2018, Samiappan et al. 2018, Fischer et al. 2019).

The fields we monitored were of larger scale (from 30 ha to 112 ha) than previous studies (from 2 ha to

37 ha; Michez et al. 2016, Samiappan et al. 2018, Fischer et al. 2019). The ability to monitor fields at a relevant

scale for producers was advantageous but introduced additional logistical constraints. Because each drone

orthomosaic was unique based on vegetative state or weather conditions during the flight, training data for

image classification were unique per individual field (Fischer et al. 2019). Flight times required more planning to

ensure consistent weather conditions (winds <16 km/h; <10% cloud cover) for the duration of the mission to

acquire accurate and high‐quality imagery for generating orthomosaics (Wierzbicki et al. 2015). Furthermore,

we timed the flights and field assessments to correspond as closely as possible, but sometimes experienced

inclement weather, which resulted in some delays. Timing of drone flights 2–5 days after wild pig damage

occurs was crucial to positively identify wild pig damage from other types of damage due to the heavy amount

of rainfall in our study area. For instance, rainfall or other weather conditions may distort the damaged areas or

knock over mature plants. Previous studies have noted similar constraints (Boyce et al. 2020), and these issues

become magnified as the size of the area increases. The largest delay of 16–20 days was during the

establishment stage, where we also observed either little damage or were unable to use the data due to heavy

rainfall. For the remaining stages, we completed surveys within 2 days, sometimes sooner. Additional damage

can occur during any lags between measurements, but we note that there was no difference between our

ground‐based assessments and the drone‐based assessment of damage.
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RESEARCH IMPLICATIONS

Wild pig damage to corn was found throughout the growing season at different growth stages, with most damage and

crop loss occurring during the latter growth stages where the corn plants are maturing and provide cover. Drones

covered >95% more area than ground surveys, allowing us to detect and estimate damage that would be missed from

transects due to the clumpy distribution of wild pig damage. Drone technologies are advancing quickly and becoming a

more common practice in the wildlife and agricultural industry. Drones can be a great tool for landowners and

producers to accurately estimate wild pig damage and crop yield loss, and to receive compensation for their lost income.
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