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Abstract: Cultivation and grazing since the mid-nineteenth century in Texas has caused dramatic
changes in grassland vegetation. Among these changes is the encroachment of native and introduced
brush species. The distribution and quantity of brush can affect livestock production and water
holding capacity of soil. Still, at the same time, brush can improve carbon sequestration and enhance
agritourism and real estate value. The accurate identification of brush species and their distribution
over large land tracts are important in developing brush management plans which may include
herbicide application decisions. Near-real-time imaging and analyses of brush using an Unoccupied
Aerial System (UAS) is a powerful tool to achieve such tasks. The use of multispectral imagery
collected by a UAS to estimate the efficacy of herbicide treatment on noxious brush has not been
evaluated previously. There has been no previous comparison of band combinations and pixel-
and object-based methods to determine the best methodology for discrimination and classification
of noxious brush species with Random Forest (RF) classification. In this study, two rangelands in
southern Texas with encroachment of huisache (Vachellia farnesianna [L.] Wight & Arn.) and honey
mesquite (Prosopis glandulosa Torr. var. glandulosa) were studied. Two study sites were flown with an
eBee X fixed-wing to collect UAS images with four bands (Green, Red, Red-Edge, and Near-infrared)
and ground truth data points pre- and post-herbicide application to study the herbicide effect on
brush. Post-herbicide data were collected one year after herbicide application. Pixel-based and object-
based RF classifications were used to identify brush in orthomosaic images generated from UAS
images. The classification had an overall accuracy in the range 83-96%, and object-based classification
had better results than pixel-based classification since object-based classification had the highest
overall accuracy in both sites at 96%. The UAS image was useful for assessing herbicide efficacy by
calculating canopy change after herbicide treatment. Different effects of herbicides and application
rates on brush defoliation were measured by comparing canopy change in herbicide treatment zones.
UAS-derived multispectral imagery can be used to identify brush species in rangelands and aid in
objectively assessing the herbicide effect on brush encroachment.

Keywords: Unoccupied Aerial System (UAS); brush encroachment; Random Forest; herbicide effect

1. Introduction

Identifying and monitoring noxious brush species is vital for landowners since the
canopy cover percentage of different brush species could determine the necessity and
method of brush management. There are two noxious brush species rapidly encroaching
on coastal grasslands in southern Texas, namely, huisache (Vachellia farnesianna [L.] Wight
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& Arn.) and honey mesquite (Prosopis glandulosa Torr. var. glandulosa). Huisache is native
to Texas and usually occurs where land is disturbed. It is a multi-stemmed shrub or tree
typically less than 6 m tall but can be greater than 10 m occasionally [1]. When huisache
canopy cover is below 11%, brush competition with grasses is not considered a problem;
however, when its canopy cover approaches 20%, there is vigorous competition with
grasses for water and nutrients [2]. Research indicates less than 25% of mesquite canopy
cover causes little impact on warm-season mid-grass production, and when canopy cover
is less than 30%, honey mesquite does not impact cool-season grass production [3]. So,
25% of mesquite canopy cover and 20% huisache canopy cover can be set as the threshold
rangeland managers use to determine when treatment is necessary for optimum forage
production. As one of the most effective management methods, chemical treatment has
been a primary means of brush management in the southern U.S. for decades [4]. The plant
physiology and growing conditions, herbicide selection, spray mix, and nozzle selection
are heavily related to the success of herbicide applications.

Remotely sensed images have a long history of being used to identify different types
of land cover [5-8]. If land managers want to be aware of the canopy cover and location
of noxious brush over time to improve management decisions, an Unoccupied Aerial
System (drone plus sensor payload; UAS) is a useful tool due to its higher efficiency than
manual ground truth and provides a broader view of the entire land area at a field scale.
Since noxious brush locations are stationary and present for long time periods even after
treatment, utilizing UAS to track the temporal change in brush species is viable throughout
several years. Compared to conventional remote sensing images from satellite or airborne
platforms, UAS can be deployed quickly and repeatedly and with more flexibility to
avoid bad weather and cloud cover, which facilitates temporal studies [9]. Using UAS
for agricultural purposes is advanced and practical when only a limited land area is
studied [10]. Field scale usually requires space- or air-borne platforms since UAS can
fly up to 122 m (400 ft) altitude above ground level and can cover areas ranging from 8
to 500 ha based on UAS type such as fixed-wing or rotor-copter and based on different
application purposes [11]. A UAS equipped with small-format digital red—green—blue
(RGB) cameras or multispectral sensors for discrimination of plant species composition
should be methodologically scrutinized and the classification progress combined with
additional UAS imagery-derived products such as vegetation index added to the input [12].

Prior work has considered utilizing a UAS equipped with multispectral sensors to
assist in rangeland management [13-15]. Gillian et al. used a UAS to collect multispec-
tral images over northern California to estimate rangeland indicators: fractional cover,
canopy gaps, and vegetation height. They also evaluated the logistics framework of inte-
grating UAS into an existing rangeland monitoring program. When they compared the
UAS-derived results with field-collected results, fractional cover achieved high agreement
(R? = 0.77), while the canopy gaps and vegetation height had subpar agreement. They
conclude that a UAS could be a standard tool for rangeland inventory and monitoring [16].
Laliberte et al. conducted a study in southern New Mexico to compare the classification
results on rangeland using space-borne and UAS-borne multispectral image with object-
based classification over Random Forest classifier. They found that multispectral images
collected by UAS provided higher classification accuracy on Sumac, Creosote, Mesquite,
and Tarbush [17]. Jackson et al. compared the classification results with different flying
altitude over noxious plant honey mesquite and yellow bluestem in south Texas, and the
Random Forest (RF) classifier outperformed other models tested in the study. His study
also suggested that flying altitude at approximately 100 m is most suitable for mapping
honey mesquite [18]. The herbicide effect of noxious brush has not been evaluated by
UAS equipped multispectral imagery before. Current ratings of herbicide efficacy are
subjective in nature and made by a trained observer, and using imagery could provide a
more objective measure.

Even though Random Forest classifier has been proved to have good performance
over landcover mapping research, a comparison of the object- and pixel-based classification
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result with RF has not been performed on noxious brush before. The RF classifier has
been previously used on satellite image NDVI and Lidar data to map mesquite in south
Texas [15]. Multispectral images and NDVI data have been tested for RF classification
on mesquite and yellow bluestem [18]. This earlier work neither compared other band
combinations nor evaluated the pixel-based classification method to determine if it was
more applicable on brush species. Machine learning algorithms have been reported as a
useful tool for monitoring various aspects of crops and plant species [19-22]. RF classifier
uses numerous binary decisions to determine the classification of an image. When dealing
with multi-source and multi-dimensional data, RF is often selected [23]. RF classification
algorithms can be both used as pixel-based and object-based classification. Pixel-based
classification is performed on a per-pixel level, and it uses available spectral information
for that individual pixel. Object-based classification aggregates image pixels into objects
that are spectrally homogenous and then classifies them over individual objects. Object-
based classification can provide context and shape information, which are not provided by
pixel-based classification, to the classification process [24]. Knowing the ‘neighbors” and the
spatial and spectral relations with and among objects gives object-based classification better
results than pixel-based classification [25]. RF with ideal model parameters performs well
among other classification algorithms [26,27]. Another advantage that RF has compared
to other commonly used classification methods is the use of bootstrapping and a random
subset of sampling strategy when building the RF model [26,28].

Mapping brush species encroachment at the field level is necessary for land man-
agement decisions for herbicide application and other decisions. UAS-derived imagery
classification can be a useful tool to map brush species and determine objective measures
of herbicide efficacy; however, the herbicide effect of noxious brush has not been evaluated
with multispectral imagery collected by UAS. Band combinations other than multispectral
and NDVI have not been compared previously, nor have pixel- and object-based methods
been compared, for discrimination and classification of noxious brush species with RF. In
this research, we aim to estimate the canopy change in encroaching huisache and honey
mesquite to assess the effect of different herbicide treatments on rangelands in south Texas.
The main objectives of this study are to (i) discriminate huisache and honey mesquite from
native rangeland using the RF classification method to compare object- and pixel-based
classification; and (ii) determine the herbicide effect on the brush post-herbicide application.
The hypothesis is that the RF classification using UAS equipped with a multispectral sensor
imagery can identify the two brush species in rangeland.

2. Materials and Methods
2.1. Rangeland Information

This research was conducted at two private ranches in Refugio (Site 1) and San
Patricio (Site 2) Counties, Texas. The geographic location of Site 1 was 28°40'49.440"'N,
—97°17'12.780”"W, and the site was around 30 m above sea level. The geographic location
of Site 2 was 28°41/2.18"N, —97°17'1.69"”W, and the site was around 13 m above sea
level. Site 1 is characterized by Papalote Fine Sandy Loam (0-1% slopes), Banquete Clay
(0-1% slopes), and Orelia Fine Sandy Loam (0-1% slopes) soils. Site 2 consisted of Calallen
Sandy Clay Loam (0-1% slopes) and Victoria Clay (0-1% slopes) soil series. Both sites
had brush encroachment by huisache and honey mesquite, although huisache was the
dominant species at Site 1. The location of both sites is shown in Figure 1.
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Figure 1. The experimental locations of two rangeland study sites for brush identification. Blue star
denotes Site 1 at Refugio County, Texas, and the red star denotes Site 2 at San Patricio County, Texas.

2.2. Data Acquisition

An eBee X fixed-wing UAS (SenseFly, Cheseaux-sur-Lausanne, Switzerland) with
a Parrot Sequoia multispectral camera (SenseFly, Cheseaux-sur-Lausanne, Switzerland)
and built-in 16 MP RGB camera, part of the multispectral sensor, was used to collect
data. The spectral range of the multispectral camera is Green (550 nm =+ 40 nm), Red
(660 nm =+ 40 nm), Red Edge (735 nm £ 10 nm), and Near-infrared (790 nm =+ 40 nm). The
ground sample distance (GSD) of this camera at 120 m above ground level is 11 cm per pixel.
Two separate flight missions were conducted both at Site 1 and Site 2. The flying altitude
was 100 m in approximately 10 cm resolution, and the flight overlap was 90%, with six
ground control points used. At each flight, a downwelling light sensor was used to capture
the sun radiation. It recorded the light conditions during the flight, so when pre-processing
the images, software such as Pix4D can be used to normalize images captured in different
illumination conditions. The flight coverage over Site 1 mapped 0.82 km?, and over Site 2 it

mapped 0.43 km?.

On 15 November 2019, Site 1 was treated aerially with herbicide to suppress or
control the huisache. On the same day, a pre-herbicide image was collected. There were
two purposes of this spray, namely, testing droplet size and herbicide efficacy. Table 1
summarizes all treatments. For testing droplet size, herbicide treatments were the same.
Two droplet sizes of 400 um and 800 pm were used; each droplet size included two rates of
herbicide mixture volume, 37.4 L ha—! and 74.8 L ha—!. For each droplet size and rate, two
replications were included (Table 1, treatment 1-7, 13). For brush suppression purposes,
five treatments were made with no replications, and each treatment had different herbicide
combinations (Table 1, treatment 8-12). The suppression treatments used the same flat fan
nozzles. All treatments were applied at 10-20 PSL. On 11 November 2020, a post-herbicide
image of Site 1 was collected with the same methods as in 2019. After the initial herbicide

application in 2019, no other brush control treatments were applied to Site 1.



Remote Sens. 2023, 15, 3211 50f22
Table 1. Herbicide applications applied at Site 1 on 15 November 2019, Refugio County, Texas.
Treatment c c o1 Herbicide Area Droplet Size Application Rate
Number Replications Treatments and Rates (kg a.i. ha—1) Name (ha) Nozzle (um) (L ha-1)
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 7.5 Floodjet
1 1 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 800 374
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 7.5 Floodjet
2 1 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 400 374
Methylated seed oil organo silicant (0.058) Dyne—amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 7.5 Floodjet
3 2 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 400 374
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 10 Floodjet
4 1 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 800 74.8
Methylated seed oil organo silicant (0.058) Dyne—amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 10 Floodjet
5 2 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 800 74.8
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 10 Floodjet
6 1 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 400 74.8
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 10 Floodjet
7 2 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 400 74.8
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
8 1 Aminopyralid + Florpyrauxifen-benzyl (0.07, 0.007) DuraCor® 2.02 Flat fan n ozzles with Coarse 28.1
nonionic surfactant
Aminopyralid + Florpyrauxifen-benzyl (0.07, 0.007) DuraCor® Flat £ ) th
. . : at fan nozzles wi
9 1 Aminopyralid potassium salt + Metsulfuron methyl Chaparra1® 2.02 nonionic surfactant Coarse 28.1

(0.004, 0.00082)
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Table 1. Cont.

Treatment . R Herbicide Area Droplet Size Application Rate
Number Replications Treatments and Rates (kg a.i. ha—1) Name (ha) Nozzle (um) (L ha-1)

Aminopyralid + Florpyrauxifen-benzyl (0.07, 0.007) DuraCor® lat f ) th

10 1 Aminopyralid potassium salt + Picloram potassium salt + M Vie® 4.05 Flat 'an 'nozz fes wit Coarse 28.1
Fluroxypyr 1-methylheptyl ester (0.03, 0.058, and 0.058) eza vue nonionic surfactant
Aminopyralid potassium salt + Picloram potassium salt + ® Flat fan nozzles with

n 1 Fluroxypyr 1-methylheptyl ester (0.06, 0.116, and 0.116 Meza Vue 2.02 nonionic surfactant Coarse 281
Aminopyralid + 2,4-D (0.086, 0.70) Grazon Next HL® Flat £ ) ith

12 1 Picloram (0.067) Tordon® 2.02 nf‘)mf‘)rr‘urc‘zﬁ fzsc:;;t Coarse 28.1

Metsulfuron methyl (0.0067) MSM 60®
Clopyralid + Aminopyralid (0.56, 0.12) Sendero® TK-VP 7.5 Floodjet
13 2 Picloram (0.56) Tordon 22K® 4.05 Wide-Angle Flat 800 374
Methylated seed oil organo silicant (0.058) Dyne-amic® Spray Tip
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At Site 2, two images were collected on 26 June 2017 and 26 July 2021; they were both
post-herbicide applications because the herbicide was applied on 29 October 2014. After
2014, no chemical treatments were applied to this site, and no pre-herbicide image was
collected, so long-term herbicide effect can be measured based on the images collected in
2017 and 2020. The herbicide application at Site 2 used the same herbicides, predominately
aminocyclopyrachlor, at the same rate, but the rate was not recorded (Table 2). Droplet size
(417 pm, 630 pm, or max) and application rates (37.4 or 86.8 L ha—1) were varied in four
treatments. One replication for each treatment was within the experiment site. Figure 2
showed the location and distribution of herbicide treatment in both sites. Treatment
numbers in Figure 2 represent the numbers in Tables 1 and 2.

(HSitel

000501 0.2 Kilometers N
Lirtlind

(2) Site 2 A

Legend

Herbicide treated
area boundary

0 00501  0.19 Kilometers
[

Figure 2. The location and distribution of herbicide treated area overlay on UAS-collected image in
false color composite. Site 1 in Refugio County imagery was collected on 21 November 2020, and
Site 2 in San Patricio County imagery was collected on 26 July 2021. The number on the boundary
denotes the treatment numbers.

Table 2. All herbicide applications applied at Site 2 in San Patricio County, Texas, in 2014.

Treatment . Droplet Size Application Rate
Number Chemical Treatments (um) (L ha-1)
1 Aminocyclopyrachlor mixture 417 37.4
2 Aminocyclopyrachlor mixture 417 86.8
3 Aminocyclopyrachlor mixture 630 86.8
4 Aminocyclopyrachlor mixture Max 86.8

2.3. Data Processing

Data Processing and analysis workflow is shown in Figure 3. After data acquisition,
images were processed in Pix4D for georeferencing, spatial alignment, and orthorectified
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mosaic. The orthorectified images of different dates had a slight co-register issue, so
manual co-registration was performed in ArcGIS Pro. In Pix4Dmapper, 3D point cloud was
generated from the RGB data using structure-from-motion (SfM) photogrammetry and then
used to generate Digital Surface Model (DSM). We were unable to generate a Digital Terrain
Model (DTM) of the bare-earth surface because the high vegetation cover in all sites caused
very little exposed ground to collect ground elevation. Instead of using a UAS-derived
DTM, the USGS National Map of 1 m Digital Elevation Model collected on 11 November
2018 was used (USGS, 2018) as ground elevation. The DTM is a tiled collection of the 3D
Elevation Program (3DEP) collected by nationwide Lidar with one-meter resolution. The
DTMs for two sites were georeferenced and resampled to the multispectral image’s extent
and resolution. After generating appropriate DTMs from the USGS products, Canopy
Height Model (CHM) was generated by subtracting DTM from DSM.

!

PCA+ Analysis

[

. First Principle
Multispectral Canopy
Baris Height Model NDVI Band component of texture
Bands
t J
}1
I Classification 1

Experiment 1
Object-based
classification using
Random Forest
Classifier

Accurracy
Assessmen

Estimate the
canopy reduction
before and after
herbicide
application

Experiment 2
Pixel-based
classification using
Random Forest
Classifier

|

Accurracy
Assessmen

Estimate the
canopy reduction
before and after
herbicide
application

Figure 3. The workflow diagram for brush classification.

To better assess the brush classification, ground truth points and visual interpretation
indicated mesquite and huisache had texture differences, in that mesquite had coarser
leaves than huisache. So, Gray-Level Co-Occurrence Matrix (GLCM) texture analysis was
conducted on both sites” data, in which eight statistics were automatically computed with a
3 x 3 moving window. The statistics were contrast, correlation, variance, entropy, second
moment, homogeneity, mean, and dissimilarity. Principle Component Analysis (PCA) was
conducted on the eight statistical bands from GLCM analysis to reduce the dimensionality
issue when stacking bands, and the first PCA band out of eight bands was selected. After
generating all the bands, they were stacked together. Furthermore, to assess the effect of
different bands, other band combinations were also tested and summarized in Table 3.

With different band combinations, the pixel-based (Experiment 1) and object-based
(Experiment 2) classifications were conducted. Both experiments used an RF classification
algorithm to compare pixel-based and object-based classification results. After classification,
canopy reduction can be estimated based on classified images.
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Table 3. Summary of band input for testing different band combinations. G is Green, R is Red, RE
is Red-edge, NIR is Near-infrared, CHM is Canopy Height Model, NDVI is Normalized Difference
Vegetation Index, and GLCM is Gray-Level Co-Occurrence Matrix.

Band Combination Number of Bands Input Layers
All Bands 7 G, R, RE, NIR, CHM, NDVI, 1st principal component of GLCM bands
No CHM 6 G, R, RE, NIR, NDV]I, 1st principal component of GLCM bands
No NDVI 6 G, R, RE, NIR, CHM, 1st principal component of GLCM bands

2.4. Training Sample Collection and Classification

The first step of object-based classification is to collect training data. For Site 1, there
were 70 ground points matched with the visual interpretation of brush species to collect
training samples. For each class, training samples used approximately 20% of pixel size out
of the total training sample pixel size to maintain sample size balance. Ground truthing
found little mesquite present at Site 1, so there were limited training samples available. To
avoid breaking the training sample balance, the mesquite class was not included in Site 1.
So, the training samples in Site 1 data collected in 2019 had four classes: huisache, shadow,
other surfaces, and grass. The training samples in Site 1 data collected in 2020 had five
classes: huisache, shadow, other surfaces, dead huisache, and grass.

For Site 2, we had 180 in situ ground points marked with RTK GPS and matched with
visual interpretation to collect training samples. There were six classes in Site 2: huisache,
mesquite, shadow, other surfaces, dead brush, and grass. For both sites, the collected data
were split randomly with the subset features function at 80/20 percentage rate to create the
80% training and 20% testing dataset.

To perform object-based classification, a mean shift segmentation was used. From
trial-and-error results, spectral details and minimum segment size in pixels were set to 20,
spatial details were set to 15, the classification parameters over a segmented image used
a maximum number of decision trees and a maximum number of samples per class set
to 1000, and tree depths were set to 500. After classification, accuracy assessment used
the create accuracy assessment points function and iterated 20 times with equalization
stratified random method, which generates a set of accuracy assessment points. Then, the
computing confusion matrix was run for each iteration, resulting in user accuracy, producer
accuracy, and overall accuracy for individual classes. A standard deviation was estimated
by multiplying accuracy error with accuracy and dividing by the number of samples and
then taking a square root of the value. The standard overall accuracy refers to the ratio of
the total correctly classified number of pixels to the total number of reference pixels; user’s
accuracy refers to the ratio of correctly classified pixels of a given class to all pixels classified
in this category; producer’s accuracy refers to the ratio of correctly classified pixels to all
pixels in the set of validation data for this class [29]; precision measures how many of the
positive predictions made are correct; recall measures how many of the positive samples
the classifier correctly predicted [30]. Pixel-based classification followed a similar workflow
with the same parameters for RF classifier, except there was no segmentation imagery as
input. After classification, canopy cover change was calculated for the living and dead
brush within the herbicide spray area by counting the pixel numbers of the regions per class
with standard deviation generated automatically. This facilitated measuring the herbicide
effect on the brush species.

3. Results
3.1. Results of Site 1
3.1.1. Brush Classification

The classification results before herbicide treatment in 2019 are shown in Figure 4,
along with the classification results one year after herbicide spray in 2020 including dead
huisache.
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Figure 4. Object-based (OB) and pixel-based (PB) classification accuracy with 95% confidence interval
of Site 1 in Refugio County, Texas with Random Forest (RF) classifier and different band combinations,
including all bands (Green, Red, Red-edge, Near-infrared, Canopy Height Model, Normalized
Difference Vegetation Index, 1st principal component of Gray-Level Co-Occurrence Matrix bands),
excluding Canopy Height Model (-CHM), or excluding Normalized Difference Vegetation Index
(-NDVI). (a) Overall accuracy results for all images; (b) user’s accuracy (UA) and producer’s accuracy
(PA) for huisache class for imagery collected on 15 November 2019; (c) user’s and producer’s accuracy
for huisache and dead huisache classes for imagery collected on 2 November 2020.

When all bands were applied to classification, the brush was distinctly separated from
grass and other surfaces. Experiment 1, which applied object-based classification over RF
classifier, and Experiment 2, which applied pixel-based classification over RF classifier,
showed similar results (Figure 4). The classification results for data collected in 2020 had a
cluster of dead huisache in the center of Site 1. Since the herbicide applications appeared
to be more effective in the center, and other classes were accurately classified, the overall
accuracy affected the user’s and producer’s accuracy in the dead huisache class (Figure 4),
which indicated consistency during classification using different classification methods.

When all bands except for NDVI were applied to classification, object- and pixel-based
classification showed similar results and similar overall accuracy (Figure 4). For data
collected in 2019, object-based classification did not separate shadow from plants well
since NDVTI is used to identify the presence of vegetation. Adding CHM to the model and
removing NDVI in 2020 data still showed the cluster of dead huisache, indicating CHM
was producing this result and not NDVI. In pixel-based classification, there was some
misclassification between dead huisache and grass because the herbicide application sup-
pressed some huisache, leading to partially defoliated huisache remaining rather than total
defoliation. Without NDVI to identify the vegetation, misclassification inevitably occurred.
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3.1.2. Herbicide Efficacy Assessment

Table 4 compares the brush canopy cover percentages over the entire site in 2019
and 2020. The brush canopy change was affected by herbicide treatment, so the brush
canopy change was compared to the untreated area. Table 5 compares the brush canopy
cover percentage within individual herbicide treated areas in 2019 and 2020. All the
bands combined can assist in identifying brush canopy in 2019, and removing the CHM
combination was more suitable for data collected in 2020. Grass was often misclassified as
brush because of the similar spectral profiles and lack of CHM to differentiate the height
difference. This inferred grass canopy cover ranged from 50% to 70% in 2019 and 30-50%
in 2020. Shadow and other surfaces only accounted for less than 10% of cover individually.
Therefore, in Site 1, most of the cover came from grass and noxious brush. After herbicide
treatment, huisache canopy was composed of 15-20% cover, which is near the threshold of
20% where management is usually needed, but canopy cover had decreased by 10% across
the whole site when comparing pre- and post-herbicide treatment huisache canopy cover.
Within the herbicide treated area, different treatments resulted in different defoliation levels
of huisache canopy cover change (Table 4).

Applications with spray volumes of course droplet sizes (Treatments 1, 4, 5, and
13) resulted in the highest huisache canopy cover reduction of 30-65%. Two treatments,
MezaVue® (Treatment 11) and Grazon Next HL® + Tordon® + MSM 60® (Treatment 12) had
increased huisache canopy cover change, even more than 100%. To assess these abnormal
canopy change findings, multispectral imagery was used to identify the two treatment
areas. Huisache defoliation was not observed in regions of Treatment 11, and huisache
leaves became coarser in multispectral imagery. However, treatment 12 did show huisache
defoliation from visual interpretation between pre- and post-treatment imageries, and it
is possible that grasses were misclassified to huisache, causing the canopy cover increase.
This indicated that the canopy change in treatment 12 region was unrealistic, and more
field validation of this area was desired. The comparison between field validation data
and best-performing classification results gives more uncertainty to the findings since the
validation accuracy reached less than 70%.

Table 4. Each class cover (%) with standard deviation in Site 1 presented with different band
combination using Random Forest (RF) classifier.

Date Classification Class Bands Combination

All Bands, % No CHM, % No NDVI, %

Huisache 32.46 +0.16 17.45 + 0.14 26.58 +£0.12

Object-based Grass 52.89 +0.14 71.39 + 0.18 63.86 £ 0.06

) Shadow 7.56 4+ 0.05 6.71 + 0.03 5.76 + 0.01

7.09 £+ 0. 45 + 0. 81 +£0.

15 November 2019 Other Surface 09 £+ 0.01 4.45 4+ 0.01 3.81 +0.01
Huisache 2421 +£0.14 20.03 & 0.14 17.85 £ 0.10

Pixel-based Grass 59.31 £ 0.13 65.38 + 0.18 66.87 £ 0.15

1xel-base Shadow 10.68 + 0.01 8.11 + 0.09 7.22 +0.01

Other Surface 5.80 + 0.04 6.48 + 0.03 8.06 + 0.01

Huisache 23.31 £ 0.13 20.64 + 0.10 15.97 4+ 0.06

Grass 30.15 +0.18 56.14 + 0.19 37.05 £ 0.21

Object-based Shadow 4.74 £+ 0.07 6.47 + 0.02 4.83 £+ 0.07

Other Surface 5.62 4+ 0.01 5.98 4+ 0.05 6.22 4+ 0.01

Huisach 18 £ 0. 77 £0. 93 £0.

2 November 2020 Dead Huisache 36.18 + 0.16 10 0.12 35.93 +0.16
Huisache 15.69 £0.04 21.66 + 0.11 15.23 £+ 0.04

Grass 33.76 = 0.19 50.68 + 0.19 32.36 £ 0.19

Pixel-based Shadow 4.04 + 0.05 5.62 + 0.04 4.21 4+ 0.06

Other Surface 3.60 + 0.02 7.02 +0.05 3.93 £+ 0.02

Dead Huisache 4291 £+ 0.14 15.03 + 0.07 4427 +0.17
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Table 5. Huisache canopy cover (%) one year before and after herbicide treatment with standard deviation and canopy change based on pixel count change in Site 1

with Random Forest (RF) classifier and different band combinations.

Classification Treatment Band Combination, %
All Bands No CHM No NDVI
1Yr Canopy 1Yr Canopy g 1Yr Canopy
Pre-Treatment Post-Treatment Change Pre-Treatment Post-Treatment Change Pre-Treatment Post-Treatment Change

Treatment 1 37.49 £ 0.02 17.48 +0.01 —55.79 £0.15 10.2 +£0.01 14.21 +£0.01 —37.19 £0.12 35.33 £ 0.01 11.95 +0.01 —67.93 £ 0.09
Treatment 2 25.36 + 0.02 27.14 £ 0.01 1.76 £ 0.15 7.78 £ 0.01 10.59 + 0.01 —37.99 £0.12 24.19 £ 0.01 15.09 +0.01 —40.68 £ 0.09
Treatment 3 28.51 £ 0.02 18.3 +0.02 —38.96 £+ 0.15 8.69 £ 0.01 8.67 £ 0.01 —49.86 = 0.12 26.73 £ 0.01 13.25 +0.01 —52.88 £+ 0.09
Treatment 4 33.48 £ 0.02 17.35 + 0.09 —50.72 £ 0.15 9.75 £ 0.01 6.28 £ 0.01 —70.65 £ 0.12 30.6 = 0.01 10.81 +0.01 —66.41 £ 0.09
Treatment 5 32.14 £ 0.02 22.89 £+ 0.01 —32.26 £0.15 10.08 £+ 0.01 11.06 + 0.01 —46.77 £0.12 28.69 + 0.01 15.75 + 0.01 —47.81 £ 0.09
Treatment 6 25.96 + 0.02 24.51 + 0.08 —10.24 £ 0.15 7.92 £ 0.01 8.57 £ 0.01 —45.10 £ 0.12 23.94 £0.10 14.31 + 0.05 —43.16 £ 0.09
Object-based Treatment 7 21.44 £+ 0.02 18.7 + 0.07 —17.07 £ 0.15 8.04 £ 0.01 6.5 £ 0.01 —53.18 £ 0.12 20.59 £ 0.01 11.3 £ 0.01 —47.81 £ 0.09
Treatment 8 23.06 + 0.02 17.81 £+ 0.10 —26.58 £+ 0.15 5.62 £+ 0.01 9.96 £+ 0.01 —14.32 £0.12 15.27 + 0.02 14.34 +£0.01 —10.75 £ 0.09
Treatment 9 29.92 £ 0.02 26.36 £ 0.05 —15.29 £ 0.15 7.96 £ 0.01 17.01 £ 0.01 —29.75 £0.12 25.78 £ 0.01 22.75 £ 0.01 —16.06 £ 0.09
Treatment 10 30.97 £ 0.02 29.12 £ 0.04 —10.60 £ 0.15 11.92 £+ 0.01 15.48 +0.01 —17.67 £ 0.12 28.78 £ 0.01 22.31 £0.01 —26.29 £ 0.09
Treatment 11 22.08 £+ 0.02 4497 £+ 0.01 93.67 £ 0.15 7.24 £ 0.01 244 £0.01 57.06 £ 0.12 20.44 £ 0.01 31.85 £ 0.01 48.17 £ 0.09
Treatment 12 9.53 £ 0.02 23.85 £ 0.10 137.81 £ 0.15 1.6 £0.01 30.26 £ 0.01 491.39 £ 0.12 9.19 £ 0.01 19.15 +0.01 98.09 + 0.09
Treatment 13 39.53 £ 0.02 23.49 £ 0.05 —43.51 £0.15 2.28 +£0.01 13.16 +0.01 —52.76 £ 0.12 38.49 £ 0.01 15.6 £+ 0.01 —61.47 £+ 0.09
Total 28.84 + 0.02 23.31 +£0.13 —23.17 £0.15 17.53+ 0.01 12.24 +0.10 —3291 £0.12 26.58 + 0.01 15.97 + 0.06 —42.87 £ 0.09
Treatment 1 27.73 £0.12 13.38 + 0.03 —54.12 £+ 0.09 21.96 £ 0.02 14.24 + 0.03 —40.15 £ 0.13 27.46 £ 0.01 11.83 + 0.02 —59.03 £ 0.07
Treatment 2 15.818 +0.12 15.02 + 0.03 —9.70 £ 0.09 16.59 £+ 0.02 11.28 +0.03 —35.38 £0.13 16.9 +0.01 16.17 + 0.02 —9.04 £+ 0.07
Treatment 3 16.5 +0.12 12.25 + 0.03 —29.47 £+ 0.09 16.72 £+ 0.02 9.95 £+ 0.03 —43.50 £ 0.13 16.72 + 0.01 11.88 + 0.02 —32.43 £ 0.07
Treatment 4 20.72 £0.12 9.94 £ 0.03 —54.81 £ 0.09 20.2 £ 0.02 7.26 £0.03 —65.88 £ 0.13 19.73 £ 0.01 9.81 £ 0.02 —52.73 £ 0.07
Treatment 5 20.54 £0.12 15.09 + 0.03 —30.17 £ 0.09 20.47 £ 0.02 12.48 +0.03 —42.10 £0.13 18.95 + 0.01 14.53 +0.02 —27.10 £ 0.07
Treatment 6 15.24 +£0.12 13.16 + 0.03 —17.86 £+ 0.09 15.58 £+ 0.02 9.94 £+ 0.03 —39.36 £ 0.13 14.77 £ 0.01 13.09 + 0.02 —15.73 £ 0.07
Pixel-based Treatment 7 13.38 £ 0.12 9.48 £ 0.03 —32.61 £ 0.09 14.07 £ 0.02 7.69 £ 0.03 —48.04+ 0.13 11.68 + 0.01 9.13 £0.02 —25.67 £ 0.07
Treatment 8 12.13 £ 0.12 13.78 + 0.03 —8.06 + 0.09 12.89 4+ 0.02 10.76 + 0.03 —20.62 £0.13 8.8 £0.01 14.13 +0.02 52.75 £ 0.07
Treatment 9 2492 +£0.12 21.89 +0.03 —16.45 £+ 0.09 24.31 £ 0.02 17.89 + 0.03 —30.04 £0.13 20.08 £ 0.01 21.6 £ 0.02 —30.08 £+ 0.07
Treatment 10 18.54 +0.12 21.43 +£0.03 9.89 £ 0.09 19.46 £+ 0.02 16.79 + 0.03 —17.96 £ 0.13 16.07 + 0.01 21.07 £ 0.02 —17.99 £ 0.07
Treatment 11 15.02 +0.12 29.88 £ 0.03 89.18 £ 0.09 15.95 4+ 0.02 23.881 £ 0.03 4190 £0.13 12.62 +0.01 27.79 £ 0.02 109.46 + 0.07
Treatment 12 6.28 £0.12 23.34 £ 0.03 253.43 + 0.09 5.51 £ 0.02 24.69 £ 0.03 326.12 +£0.13 6.65 £ 0.01 18.18 + 0.02 159.81 + 0.07
Treatment 13 29.98 £0.12 16.97 + 0.03 —46.16 £+ 0.09 27.59 £ 0.02 14.11 + 0.03 —51.39 £0.13 30.05 £ 0.01 17.69 + 0.02 —44.01 £ 0.07
Total 18.88 +0.13 15.69 + 0.03 —21.00 £ 0.09 18.38 4 0.02 13.04 + 0.03 —32.53 £0.13 17.85 £ 0.10 15.23 +0.02 —18.89 £ 0.07
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Based on classification results in Site 1, object-based classification applied to multi-
spectral bands, NDVI, and the first-principal component of GLCM bands achieved the best
classification results. To further validate the results, field validation points of huisache
locations were overlayed with classification results using such band combinations and
object-based classification (Figure 5). From the points located, we can tell some field
validation points for huisache were marked at the edge of the huisache. However, the
classification results mostly preserved the central shape of huisache, though some points
marked at the plant’s edge were not correctly classified. Some ground truth points were
marked on small huisache less than 1.9 m. These were not all accurately classified because
the short and young huisache leaves displayed a similar spectral profile with grasses. Out
of 55 huisache validation points, object-based classification using all bands, but not CHM,
had 31 correctly classified points (56.36% accuracy) in 2019 and 37 correctly classified points
(67.27% accuracy) in 2020. With previous observation of validation point positions, low
accuracies were expected.

(c)
Legend
Validation
Points
Class Name
I Huisache

Grass
- Shadow

. Other

Surface

Dead
Huisache

Figure 5. Huisache validation points in Site 1 overlaid with (a) orthomosaic image in false color
composition in 2020 and (b) object-based classification over Random Forest classifier with all bands,
except Canopy Height Model applied in 2019 and (c) object-based classification over Random Forest
classifier with all bands, except Canopy Height Model applied in 2020.
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3.2. Results of Site 2
3.2.1. Brush Classification

As opposed to Site 1 which was dominated by huisache, Site 2 had a combination
of both mesquite and huisache. Since the herbicide application was completed before
the first flight in 2017, only the long-term herbicide effect was assisted by classification
results. Classification results are shown in Figure 6. The highest accuracy (96%) was found
when using all bands with the object-based classification method (Figure 6). Object-based
classification typically had better overall accuracy than the method used for pixel-based
classification. Mesquite and grass had relatively low user’s accuracy, especially without
CHM, since mesquite misclassified with grass easily. Overall, the object-based classification
with all bands generated a high overall accuracy and user’s accuracy.

100

(@) =
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100 EUA OPA

7 | mA i i i
70 _ _ ]
65
60 M [ [
55 [
=
Al Al

No No All [ No No All [ No No No No All [ No No All [ No
bands|CHM |NDVI |bands |CHM |NDVI | bands|CHM |NDVI | bands | CHM |[NDVI | bands | CHM |NDVI [ bands | CHM [NDVI

HEHE

OB | OB | OB PB PB PB OB | OB | OB PB PB PB OB | OB | OB PB

Huisache Mesquite Dead brush

EUA OPA

(C) 45

Huisache Dead brush

Figure 6. Object-based (OB) and pixel-based (PB) classification accuracy with 95% confidence interval
of Site 2 in San Patricio County, Texas with Random Forest (RF) classifier and different band combina-
tions, including all bands (Green, Red, Red-edge, Near-infrared, Canopy Height Model, Normalized
Difference Vegetation Index, 1st principal component of Gray-Level Co-Occurrence Matrix bands),
excluding Canopy Height Model (-CHM), or excluding Normalized Difference Vegetation Index
(-NDVI). (a) Overall accuracy results for all images; (b) user’s accuracy (UA) and producer’s accuracy
(PA) for huisache, mesquite, and dead brush classes for imagery collected on 26 June 2017; (c) user’s
and producer’s accuracy for huisache, mesquite, and dead brush classes for imagery collected on
26 July 2021.
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Overall, object-, and pixel-based based classification showed similar species identi-
fication of brush. Moreover, with functional CHM, stacking all bands together resulted
in a more accurate classification of brush. At Site 2, object-based classification applied to
all multispectral bands, NDVI, CHM, and the first-principal component of GLCM bands
achieved the best classification results. To further validate the results, field validation
points of huisache locations were collected in 2021 and overlaid with classification results
using such band combinations and object-based classification. Part of the points overlayed
with multispectral imagery and classification results are shown in Figure 7. From the point
locations, it is obvious some field validation points for huisache were marked at the edge
of the plant, similarly to what was observed in Site 1. Out of 83 huisache validation points,
object-based classification using all bands had 47 correctly classified points (54.22% accu-
racy) in 2017 and 61 correctly classified points (73.49% accuracy) in 2021. Some huisache
that appeared dead in 2017 re-grew or added new plants by 2021, so the later validation
points were not as reliable for validating 2017 results.

(a)

Legend

‘A’ Validation Points

Class Name

I Huisache

Mesquite

Grass

I Shadow
o I Dcad Brush
L]
oy |:| Other Surface

Figure 7. Huisache validation points in Site 2 overlaid with (a) orthomosaic image in false color
composition in 2021 and (b) object-based classification over Random Forest (RF) classifier with all
bands applied in 2017 data and (c) object-based classification over Random Forest (RF) classifier with
all bands applied in 2021.
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3.2.2. Herbicide Efficacy Assessment

Table 6 compares the brush canopy cover percentages over the entire site in 2017
and 2021. The brush canopy change was affected by herbicide treatment, so the brush
canopy change was compared to the untreated area. Table 7 compares the brush canopy
cover percentage within individual herbicide treated areas in 2017 and 2021. Huisache and
mesquite on Site 2 exhibited different growth patterns. In 2017, mesquite canopy cover
ranged from 12 to 18%, which indicated that mesquite at Site 2 likely had little impact
on the warm-season grass production [31]. However, in 2021, mesquite canopy cover
increased to around 20 and 30%, nearing or reaching the threshold of 30% for competition
with both warm- and cool-season grass production [31]. Within the herbicide-treated area,
mesquite increased in canopy cover by over 200%, likely due to the reduced competition
with huisache since the herbicide application timing was targeted to huisache and not
mesquite (Table 7).

Table 6. Canopy cover (%) for each classification with standard deviation at Site 2 presented with
different band combinations and Random Forest (RF) classifier.

Bands Combination

Date Classification Class All Bands No CHM No NDVI
Canopy Cover, %

Huisache 15.78 + 0.16 46.13 + 0.20 42,07 + 043
Mesquite 18.30 + 0.20 12.06 + 0.20 11.85 + 0.18
Object-based Grass 41.79 + 0.16 27.37 + 020 2921 +0.13

Shadow 9.84 + 0.07 591 + 0.01 6.32 + 0.03

Dead Brush 12,61 + 0.13 7.28 +0.22 923 +0.15

26 June 2017 Other Surface 1.68 + 0.01 124+ 011 131+ 001
Huisache 16.17 + 0.17 1847 + 0.18 21.50 + 0.18

Mesquite 18.39 + 0.12 14.95 + 0.19 14.95 + 0.21
, Grass 39.77 +0.12 42344017 39.82 + 0.14

Pixel-based Shadow 9.15 + 0.06 9.87 + 0.14 892 + 0.01
Dead Brush 14.90 + 0.11 12.49 + 0.16 13.22 + 0.16

Other Surface 162 +0.17 1.88 + 0.01 1.58 + 0.06

Huisache 2921 + 0.14 35.45 + 0.13 2531 + 0.2
Mesquite 20.04 + 0.21 20.84 + 0.22 19.37 + 0.15
Object-based Grass 36.91 + 0.11 28.18 + 0.15 39.28 + 0.06

Shadow 404 + 0.01 437 +0.14 477 + 001

Dead Brush 7.35 + 0.01 9.68 =+ 0.10 8.50 -+ 0.01

26 oy 2021 Other Surface 245+ 0.01 147 +0.10 2.76 + 0.01
Huisache 12.27 + 0.12 19.73 + 0.18 13.78 + 0.18
Mesquite 26.62 + 0.22 29.19 + 0.20 27.29 £ 0.19
, Grass 4112 +0.12 30.58 + 0.20 40.07 + 0.07

Pixel-based Shadow 6.15 + 0.01 6.79 + 0.09 5.37 + 0.01
Dead Brush 10.64 + 0.01 11.81 + 0.15 10.70 + 0.07

Other Surface 3.20 + 0.03 1.89 + 0.04 2.79 + 0.01
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Table 7. Huisache and mesquite canopy cover (%) with standard deviation 3 and 7 years after herbicide treatment with standard deviation and canopy change (CC),
based on pixel count change at Site 2 with Random Forest (RF) classifier and different band combinations. PT refers to post-treatment with herbicide.

Band Combination, %

All Bands No CHM No NDVI
Classification  Treatment 3 Years PT 7 Years PT CC 3 Years PT 7 Years PT CC 3 Years PT 7 Years PT CC
Huisache 673 +£002 1855+001 11.824+020 5224001 28.09+0.02 2287+001 7524+0019 2474+009 1717 +0.14
Treatment 1 Mesquite 6124001 11644003 552+0.02 778+002 21724002  13.93 +0.02 5744002 15074001 933 +0.15
Huisache 2924+002 12134001 9214+020 2144001 20864002  18.72 +0.01 354002  18.38+009  14.88 & 0.14
Treatment 2 Mesquite 264 +001  12.65+0.03 10 + 0.020 337+0.02 20284002  16.92 +0.02 243 +0.02 1542 +0.01  13.00 £ 0.02
Object-based  Treatment 3 Huisache 5834002 19.044001  13.2 +0.02 43+001  3565+002  31.35+001 6.95+001 2748 4+0.009 20.53 =+ 0.01
Mesquite 4954001 2316+£003 18214002 6754002 2529+002  18.54 +0.02 4254002 2009+001 1584 4 0.02
Huisache 3844002 959 +0.01 5754002  3.08+001 1331+£0.02  10.24 +0.01 4024002 1068+£0.09  6.66=+0.02
Treatment4  y\rosquite 2794001 53494003 5074002  4074£0.02 15194002  1112+002  215+£001  407+£001  1.92 £ 0.02
Huisache 508 +£002 15754001 10.684+0.02 3854001 26384002 2252+ 0.01 582 +001 21.86+001 16.04 & 0.02
Total Mesquite 444001 21774003 17374+0.02 581 +£0.02 21464002  15.65 4 0.02 392 +001 15024001  11.1 & 0.02
Huisache 768 +0.02 18574001 1086 +0.01 845+001 24994002 1654+001 1041 +0.01 20.65+0.02 10.23 +0.02
Treatmentl  prosquite 547 4 0.01 204003  1454+002 5354002 3054002 251440009 456+001 21.16+0.01  16.6 + 0.01
Huisache 336+£002 1298+001 9624001  352+£001 21.02+0.02 17.5 4+ 0.01 449 £0.02 14.88+£0.009 10.39 & 0.009
Treatment 2 Mesquite 2184001 21584003 194+0.02 2314002 23084002 2077 +0009 1.69+001 225+001  20.82 +0.01
, Huisache 614 +002 1958 +0.009 13454001 696+001 32734002 2577 +0.01 777401 21854002  14.08 £ 0.01
Pixel-based — Treatment3 — \joqqyite 4014001  2635+003 22344002 453+0.02 3067+0.02 2614+0009  32+001 2721+001  24+001
Huisache 4.7 +0.02 8.4 + 0.009 3.7 +0.01 718 +£0.01 1421 +0.02 7.03 + 0.01 8.69 & 0.01 9.4 + 0.02 044 +0.1
Treatment4 \fosquite 154001  514+003  364+002 191+002 1595+002  14054+001 0724001  461+001  3.89 4001
Huisache 560+£002 1595+002 10264001 6594001 24744002  18.16 +0.01 7924001 17894002  9.96 + 0.01
Total Mesquite 314001 20084003 1647 +0.02 3.83+0.02 26514002  22.68 +0.01 2854001 20834001 17.97 +0.01
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For huisache at Site 2, there was approximately 20% canopy cover in 2017, which met
the threshold for competition with grasses [3] (Table 6). Since herbicide had been applied
before 2017, the huisache canopy change due to the herbicide application cannot be assessed
quantitatively but can be compared with adjacent, untreated areas. Since the timing of the
herbicide application was specifically targeting huisache, we know that even three years
after herbicide application, the overall huisache canopy cover on the site was still above the
threshold for grass competition, and additional herbicide application on the untreated strips
may be warranted. All treatments used the same chemical Aminocyclopyrachlor mixture
with different droplet size and application rate. A small droplet size with a low application
rate (Treatment 1) and a large droplet size with a high application rate (Treatment 4) had
better control of huisache, with 10% and 20% huisache canopy reduction maintained,
respectively, while a small droplet size with a high application rate (Treatment 2) and a
medium droplet size with a high application rate (Treatment 3) had an increase in huisache
canopy cover of over 100%. Overall, huisache did increase in the treated area during
the 4 years of the UAS data collection. Still, compared to the unsprayed areas, the long-
term herbicide effect seven years after application demonstrated a drastic reduction in
huisache cover.

4. Discussion
4.1. Classification Results Comaprison

The main objective of this study was to identify huisache and honey mesquite and to
determine if brush classification maps could be used to measure herbicide efficacy of these
brush species. Huisache and mesquite were identified with UAS-collected multispectral
imagery and multispectral imagery-derived phenotypic data such as NDVI, CHM, and
GLCM bands. At Site 1 (Figure 4), the highest accuracy was from the model without NDVI,
whereas at Site 2 (Figure 6), the highest accuracy was from applying the classifier on all
bands. When comparing the classification map of stacking all bands and the model without
NDVI, stacking all bands had slightly better performance. However, if available features
were to cause multicollinearity, the NDVI band could be removed. In this research, CHM
was vital for discriminating brush from grass, so the compromised CHM at Site 1 could not
generate the best classification result. Object-based classification had better results than
pixel-based classification since pixel-based classification tended to overestimate classes
with a ‘salt-and-pepper’ effect.

4.2. Herbicde Effect on Brush Species

In this research, object-based classification with all bands, excluding CHM, added
to classification input and achieved the best result at Site 1. Several herbicide treatments
were found to have the potential to control brush invasion in the short-term based on
classification and canopy change results. In Site 1 (Tables 4 and 5), herbicide treatment
with coarse droplet sizes (Treatment 1, 4, 5, and 13) resulted in the highest huisache canopy
cover reduction, 30-65%. Other treatments using fine droplet sizes (Treatments 2, 3, 6,
and 7), DuraCor® (Treatment 8), DuraCor® + Chaparral® (Treatment 9) and DuraCor® +
MezaVue® (Treatment 10) resulted in an overall huisache canopy cover reduction of 10-30%.
Two treatments, MezaVue® (Treatment 11) and Grazon Next HL® + Tordon® + MSM 60®
(Treatment 12), had an increase in huisache canopy cover one year after treatment of more
than 100%. Field validation data of huisache apparent liveness within the treated area can
be used to validate the results.

In Site 2 (Tables 6 and 7), the measurements of canopy change are from 3 years
and 7 years after herbicide treatment. A small droplet size with a low application rate
(Treatment 1) and a large droplet size with a high application rate (Treatment 4) had a
higher canopy cover reduction, approximately 10% and 20%, respectively, while a small
droplet size with a high application rate (Treatment 2) and a medium droplet size with a
high application rate (Treatment 3) had an increase in huisache canopy cover of over 100%.
Site 2 was treated with herbicide more than 7 years before data acquisition, demonstrating
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the herbicide treatments did control the brush long term when compared to the adjacent,
untreated areas at the site. The increase in mesquite cover from year 4 to year 7 post-
herbicide application was likely due to the control of huisache, resulting in open canopy
space and less competition for mesquite. Management decisions of one brush species
should consider the dominant botanical composition of the rangeland, especially in the
case of huisache and mesquite since they typically must be treated at different times of the
year. Overall, huisache was controlled within the treated area compared to the untreated
areas. After validating the classification accuracy, the canopy change for brush species can
be a great indicator of when follow-up treatments might be necessary.

4.3. Relevent Work Comparison

The results from this study are comparable to similar studies. Previous work in south
Texas compared the classification results with different flying altitude over noxious plant
honey mesquite and yellow bluestem in south Texas, and the object-based RF classifier
outperformed other models tested in the study [18]. The previous study also suggested that
flying altitude at approximately 100 m is most suitable for mapping honey mesquite [18].
The highest overall accuracy of mapping mesquite is 87% for flying altitude at 100 m in
April, which was lower than this study. They used NDVI, and no plant height features
were considered. In 2019, another study used less than 1 m NAIP satellite imagery and
Lidar data to map mesquite above ground biomass [15]. They used object-based RF to test
combining National Agricultural Imaging Program (NAIP) with Lidar images or mapping
mesquite separately with NAIP and Lidar data, and they did not report the accuracy of
the study but presented the pseudo-coefficient of determination (R?). Combining NAIP
and Lidar data gave the highest R?, but it was only 0.37, which reflects that the mapping
classification was not ideal [15]. There is a paucity of information on mapping huisache
using remote sensing data in recent years. Previous studies tended to use aerial photos
to assess the spectral profile of brush species [13]. Plant canopy spectral-radiometric
reflectance measurements, aerial photographs, and ground truth observations have been
used to observe the huisache canopy reflectance [13]. Huisache reflectance was only
distinguishable on conventional color (0.40 to 0.70-um) when flowering, but on CIR and
aerial photo, it could not be distinguished even though they collected data in June, July, and
September, due to photogrammetry limitations at that time [13]. Another study [32] found
similar canopy reflectance of huisache, wherein they found the best date to distinguish
huisache was when huisache is flowering in the spring. These findings suggest the best time
to distinguish huisache and mesquite is the springtime when huisache is flowering. This
study has also expanded the exploration to map huisache on rangeland using a machine
learning approach with high resolution aerial images.

4.4. Limitations and Further Directions

For brush classification, a high-quality and reliable height model of the experiment
site is crucial for better classification. For further research, more extensive processing of
DSM and DTM can be considered to reduce errors when creating CHM. A UAS-Lidar
system could also be useful to explore improved CHM since it can assess below vegetation
elevation better than the structure from motion techniques used in this experiment. A series
of images with the proper time gap can be collected over a long-term period to establish
a plant monitoring system to enhance management decisions further. For brush species
identification and herbicide efficacy assessment, we could continue to collect imagery
during different seasons instead of only one time during summer and fall. In spring,
huisache produces orange/yellow flowers that would more easily distinguish them from
mesquite. Ideally, brush species imagery collected in four seasons is expected to provide
more insight into their differences. When examining multispectral imagery, we found some
smaller huisache trees, typically lower than 1.9 m, were not separated from grasses due to
the spatial resolution of imagery, and a less defined branch shape in huisache when small.
A lower flying altitude should be tested to capture smaller huisache.
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Field validation data for herbicide efficacy on the amount of reduction per plant should
be recorded yearly to compare with canopy change calculated from classification. Further-
more, to validate the classification method, the model can be tested on other rangelands
that suffer from brush encroachment.

Other classification techniques can be considered to improve classification accuracy.
Deep learning algorithms are commonly seen in agricultural applications and can be a
potential option [33-35]. Early research on landcover mapping often uses convolutional
neural network, and with the development of computer hardware, more specific and im-
proved models such as ResNet [36] and SegNet [37] are applied on UAS-based landcover
mapping. The annotation is easier to achieve between tall huisache and mesquite brush
crowns which are visibly different, so either segmentation or bounding box can be used.
Furthermore, object-based classification shows better classification results for brush identifi-
cation. However, combining convolutional neural networks with object-based classification
and comparing with pixel-based deep learning classification could be worth exploring.

Different methods of imagery acquisition and sources of images can be considered for
future work. Previous research used less than 1 m satellite images and Lidar data to map
above ground biomass of mesquite [15]. A UAS-Lidar system could be useful to explore
improved CHM since it is likely to assess vegetation elevation better than structure-from-
motion techniques used in this study, though Lidar sensors are more expensive. Other
sensors, such as hyperspectral sensors, might provide different spectral signatures of brush
species that a multispectral sensor cannot capture. In this study, conclusions were not
made based on images collected on single date but repeated temporally based on herbicide
application dates. A series of images with the proper time gap can be collected over a
longer time period to establish a brush encroachment monitoring system to further enhance
management decisions.

5. Conclusions

This work is proof of concept of mapping noxious brush species encroachment and
objectively determining herbicide efficacy post-treatment using UAS-derived imagery,
which has potential to aid in decision making by landowners. The results of Site 1 demon-
strate that an accurate CHM with similar resolution to the orthomosaic image used for
classification is necessary to maximize the accuracy of brush classification in this specific
research investigating UAS multispectral imagery (Figure 4). This is primarily due to the
overlap in NDVI characteristics of the smaller brush canopy and grass, which is differenti-
ated by height. At Site 2, when assessing the canopy cover of brush and herbicide effect
(Tables 6 and 7), stacking all bands with the object-based classification method success-
fully improved tree identification and could be useful for making management decisions.
Object-based classification had the advantage of identifying the shape of the brush even
when huisache and mesquite were mixed, which is an advantage over pixel-based classifi-
cation, which is more limited. Both noxious brush species can quickly encroach on open
grassland, so these techniques to determine canopy cover can be helpful for making timely
management decisions and monitoring herbicide defoliation effects. Herbicide treatment
with coarse droplet sizes and chemical component mixes of Sendero®, Tordon 22K®, and
Dyne-amic® resulted in the highest huisache canopy cover reduction at Site 1 (Table 5). At
Site 2, we used the same chemical components to control brush (Table 7), where a small
droplet size with a low application rate and a large droplet size with a high application
rate had higher canopy cover reduction. To ensure the reliability of the results, more field
validations of canopy cover reduction within herbicide-treated areas is desired.
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