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Introduction

An assessment of remote sensing accuracy was perdoio determine the suitability of remote
sensing to identify agricultural conservation piaes for credit in the Chesapeake Bay Program
(CBP) partnership’s watershed model. The assedstoerbined the findings from a literature
search and a detailed evaluation of the strengtisveaknesses of selected metrics.

Literature Review

A limited literature search was performed to logatélications that recommended levels of
remote sensing accuracy and the extent of grourtditig needed in the identification of
agricultural conservation practices, otherwisermrefito as best management practices (BMPS).
Multiple documents/reports provide methods for periing and quantifying analyses of remote
sensing accuracy (e.g., Congalton and Green 2Q@Bgr reports evaluated the efficacy of
different methods for identifying selected featufesr example, Waz (2016)
developed/evaluated an automated framework toifgdost and restorable wetlands. Waz
performed ground-truthing at 200 sites. Tetra T@€l14) developed an approach for identifying
potential sites for drainage water managementigescand included sample sizes necessary to
guantify remote sensing error. However, none ofe¢tsources provided acceptability guidelines.

One publication did, as part of its objective, exzad the effect of different levels of ground-
truthing to develop a reliable conservation tillagedel (Sullivan et al. 2008). They (Sullivan et
al. 2008) reviewed similar studies with 15 sitean(\Deventeer et al. 1997) and 84 sites (Gowda
et al. 2001). The researchers noted that follovgtudies found that the models developed by
van Deventeer et al. (1997) performed poorly whepliad to a broader array of fields and soils.
Sullivan et al. (2008) evaluated the usefulnedsamidsat TM data to calculate four indices:
Normalized Difference Vegetation Index (NDVI), CrBgsidue Cover Index (CRCI),
Normalized Difference Tillage Index (NDTI), and tBemple Tillage Index (STI). Ground truth
data consisted of a windshield survey, assignin sde a tillage regime (conventional or
conservation tillage) at 138 locations throughtwet watershed and surrounding areas.

Subsets of the ground-truth sites520 orn = 44) were used to develop regression models.
Statistically significant models were developedM®TI and STI using the n=20 and n=44
subsets of data. Statistically significant modeésenalso developed for NDVI and CRC using
the n=44 subset. When the NDTI models were appii¢de Little River experimental watershed
image, overall accuracy ranged from 71% to 78%fodels developed using 20 and 44 survey
points, respectively. With the model fit using 4#s, errors of commission (i.e., erroneous
inclusion) represented 15% of all surveyed locajamompared to 20% for the model fit with 20
ground control points.

Metrics for Remote Sensing Accuracy and Completeness

For the purposes of this assessment, remote senamgssumed to include both remote sensing
and field verification of a percentage of siteBMPs included in the remote sensing activity.
The accuracy of the remote sensing approach ismiged by comparing remote sensing
conclusions with conclusions based on field or gtbexamination. Possible outcomes for
remote sensing are summarized in Figure 1 and Tlabete that “d” may be unknown.
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Figure 1. Possible Outcomes for Remote Sensing.

Metrics considered to assess method accuracy efealse Alarm Ration (FAR), Hit Rate (HR),
Critical Success Index (CSl), Post Agreement RA#&J), and Proportion Correct (PC)
(Schaefer 1990). Formulas for each metric are pexvin Table 1.

TheFalse Alarm Ratio (FAR) is the fraction of remotely-detected BMPs thateveot
confirmed via farm visits. FAR is also known as tdoenmission error or error of inclusion. The
Post Agreement Rate (PAG) is equal to 1-FAR and is also known as the usatsiracy.

TheHit Rate (HR) is the fraction of remotely-detected BMPs thateveonfirmed or found
through farm visits. HR ranges from O to 1, withadue of 1 indicating all BMPs were found.
HR is also known as producer’s accuracy. The ownissiror or error of exclusion is equal to 1-
HR.

TheCritical SuccessIndex (CSl) is a measure of the accuracy of the remote sensatigod as
the percentage of observations that are confirnneith@ ground, i.e., BMP presence was
correctly determined. The range for the CSl is Q,twith a value of 1 indicating perfect remote
sensing. The CSl is a frequently used measure begcaunlike the FAR, it takes into account
both false positives and missed events, and igfiver a more balanced score.

TheProportion Correct (PC) is a measure of the accuracy of the survey meathtmilated as the
percentage of survey responses that are confirmaefdnm visit, i.e., BMP presence or absence
was correctly determined. The range for the PCtes 1) with a value of 1 indicating a perfect
survey. The PC is a frequently used measure becanliie the FAR, it takes into account both
false positives and missed events, and is therefonere balanced score.

The last metric identified in Table 1 is theequency Bias (FB) which has a range from 0 to
infinity. An FB of 1 indicates an unbiased resolt ¥vhich the event is forecast exactly as often
as it is observed. An FB greater than 1 indicdtesBMPs are over-identified while FBs less
than 1 indicate under-identification.

The metrics chosen for this assessment are FARaHERFB.



Table 1. Data Elements Used in M easur es of Remote Sensing Accuracy and Completeness

Field Observed
Yes No Row Total
Remote Yes a b a+b
Sensing No c d | c+d
Column a+c b+d | at+b+c+d=n
Total
Metric Formula
Critical Success Index (CSI) al/(at+b+c)
False Alarm Rate (FAR) b/(a+b)
Hit Rate (HR) al/(a+c)
Post Agreement Rate (PAG) al/(a+b)
Proportion Correct (PC) (a+d)/(at+b+c+d)
Frequency Bias (FB) (at+b)/(a+c)

Confidence Interval for Proportions

The confidence interval for any of the proportish®wn in Table 1 i.e., CSI, FAR, HR, PAG,
and PC) can be represented by a binomial distohwtnd confidence intervals estimated with
the following equatio

e [E52) (23 o

p = proportion from a particular metric such as G&AR, HR, PAG, or PC

n = number of samples (denominator of corresponuiatyic)

N = total number of population units in sample gagian

Z1.2 = value corresponding to cumulative area of2using the normal distribution (e.g., 1.645
for 90% confidence level, 1.96 for 95% confideneeel)

where

Correcting for Bias

Dividing the total number of remote sensing de@@#&1Ps results by FB could be used to scale
the remote sensing results to correct for biaseBdgically, dividing by FB can be shown to be
equal to multiplying by the ratio of PAG/HR.

! https://onlinecourses.science.psu.edu/stat414/26deThe second term under the square root opezatounts
for finite populations (N).
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HR %/, 4. a+b FB

(2)

The confidence interval for the ratio of PAG/HR d@ncomputed with the following formita

P12y, (GG 3)
b2
where
p, andp, are PAG and HR, respectively
n, =atb
n, = a+c

The National Institute of Standards and Technold$ T) uses Bayes estimates of proportions
rather than PAG and HR directly to accommodatesins where both proportions are equal to
one (NIST 2010). In these cases, alternative et#snafp, andp, can be made.

a+ 0.5 a+ 0.5

= — and = 4
a+b+1 P2 = i c+1 @)

P1

Results

A series of calculations was performed to deterrhi@éwidth confidence intervals€0.10) for
both FAR (Figure 2) and HR (Figure 3). Calculatiovere performed assuming a range of
values from 0 to 1 and sample sizes from 5 to #@. Jopulation size is assumed to be very large
in both cases. The black diagonal line in bothregushows the mean sample value.of

The lines fom=5 throughn=40 in Figure 3 show the upper confidence limit @r FAR.

This represents the worst case or upper limit e/ percent confidence interval (UCL90). For
example, where the mean value for FAR is 026(@.20 on the x-axis), the UCL90 fo#5 is
0.50. Fom=10, 20, and 30, the UCL90s are 0.41, 0.35, an#l, @e3pectively. In other words,
where field verification yields a FAR of 0.20 (i.20 percent false alarms), the UCL value
(0=0.10) is 0.50 (50 percent false alarms) for a darsige of 5 and 0.32 (32 percent false
alarms) for a sample size of 30.

The lines fom=5 throughn=40 in Figure 4 show the lower confidence limit (G/alue for HR.
This represents the worst case or lower limit ef20 percent confidence interval (LCL90). For
example, where the mean value for HR is 086(Q.80), the LCL90 fon=5 is 0.50. Fon=10,

20, and 30, the LCL90s are 0.60, 0.65, and 0.&6pewively. In other words, where field
verification yields a HR of 0.80 (i.e., 80 percehBMPs detected), the LCL90 is 0.50 (50
percent of BMPs found) for a sample size of 5 a®d (67 percent of BMPs found) for a sample
size of 30.

2 http://www.itl.nist.gov/div898/software/dataplotfrean2/auxillar/binoraci.htm




It is important to note that the UCL90 for FAR ahé LCL90 for HR are determined both by
the mean valuepf and the sample size)( By setting thresholds on the FAR UCL90 and HR
LCL90, the field practitioner has multiple waysachieve the threshold. For example, it would
be possible to satisfy a FAR UCL90 of 0.3 witk0.10 anch=10 (UCL90=0.256) or with
p=0.175 and=40 (upper limit=0.274).

Half-width Conf. Int. for FAR
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Figure 2. Half-Width Confidence Intervalsfor FAR with Large N.



Half-width Conf. Int. for HR
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Figure 3. Half-Width Confidence Intervalsfor HR with Large N.



Example Bias Correction
As stated eatrlier, it is possible to examine FBdtermine the extent of under- or over-reporting.
Data in Table 2 illustrate an example of this psscesing strip cropping data from the USDA-
NRCS Remote Sensing Pilot Study. In this casefF#&iR UCL90 and HR LCL90 are 0.22 and
0.68, respectively. The FB is 0.88, indicating uragorting. This value can be scaled by
multiplying by the ratio of PAG/HR (or dividing byB). Using Equation 3 the LCL90 and
UCL90 on the PAG/HR ratio are 1.02 and 1.26, retypelg. Multiplying these values by the
number of remotely sensed BMPs (1,371) yields émate that the number of strip cropping
practices falls between 1,405 and 1,727 at the @fidence level.

Table 2. Application of Bias Correction Using USDA-NRCS Remote Sensing Pilot Study
Datafor Strip Cropping

Practice Name

(@
BMP
Observed

()
BMP
Observed

(© (n) N
BMP Not Total Field Population
Observed Verification Size

Remotely and Remotely but Remotely but Sample Size

Confirmed on Not Found on
Ground Confirmed on Ground
Ground
Strip cropping 110 22 40 172 1371
FAR HR CSl PC PAG
False Alarm Hit Rate Critical Proportion Post
Rate Success Index Correct Agreement
Rate (1-FAR)
Estimate 0.17 0.73 0.64 0.64 0.83
UCL90 (Equation 1) 0.22
LCL90 (Equation 1) 0.68 0.58 0.58 0.78
FB
Frequency PAG / HR Bias
Bias Overall Corrected
Remotely  Estimate of
Sensed BMPs BMPs
Estimate 0.88 1.14 1,371 1,558
LCL90 1.02 1,405
UCL90 1.26 1,727



Discussion

Conclusions reached by Sullivan et al. (2008) iatfichat a remote sensing method with an
overall accuracy of 71% to 78% is acceptable. Resl$o indicated that a ground verification
sample size of 20-44 is suitable with overall aacyrimproving by 7% in this case whemvas
increased from 20 to 44. Similarly, the error ofreoission, or FAR, value ranged from 0.15 for
n=44to 0.20 fon = 20. It is acknowledged that Sullivan et al.’seaattjves for using remote
sensing are somewhat different from the presemiqsér, and these differences should be
considered if a minimum sample size for groundfigation is selected.

Half-width confidence intervals for FAR and HR dasmused in combination with mean values
calculated from ground verification of remote segsieterminations to assess whether the
method was approximately as successful as thatogrblby Sullivan et al. (2008). Specific
threshold values for FAR, HR, or both could be usedetermine whether the method is
acceptable for a specific BMP.

If a threshold is based on an upper confidencd lealae for FAR or a lower confidence level
value for HR, sample size need not be specifiedvéder, based on the work of Sullivan et al.
(2008), a minimum sample size of 20 or more co@cét.

This analysis used a two-sided 90 percent confielémeel. Alternative levels can be used, but
a=0.10 is fairly common for environmental work antdraad spectrum of other disciplines.

For cases where the remote sensing method is deantatle, the BMP count estimate (and
resulting BMP extent estimate) can be scaled toecofor bias using the ratio of PAG/HR. A
conservative result could be obtained by applyirgglower confidence level value0.10) to

the measured mean value. It is important to naettie analyses presented here assume that
each BMP occurrence is equal. In other words, eachrrence of a fence is of equal length, or
each occurrence of conservation tillage is of equetage.

Recommendations

Multiple options exist for applying the findingsreeto decisions regarding suitability of remote
sensing efforts for estimating BMP implementati@tadto report and credit in the Bay model.
Recommendations are presented assuming that thargrpurpose for using remote sensing is
to identify and inventory BMPs. All recommendatigresented here assume that field
verification meets CBPO requirements for identifyand characterizing BMPs and that the
results of the ground verification study are reprgative of the full remote sensing study. In
addition, the assessment performed here assumealltbacurrences of a specific BMP
represent equivalent BMP extent (e.g., acres,.feet)

Options for assessing the suitability of remotesgsgnmethods within the context described here
include:

» Comparing single performance measures such as RARIR with threshold values
» Comparing multiple performance measures such as&#RHR with threshold values

Options for crediting the results of data generaiaduitable remote sensing include:
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» Crediting all identified BMPs
» Scaling estimates of BMP quantity to correct fasiising the ratio of PAG/HR

Based on the available literature (Sullivan e2@D8) a FAR value of 0.2 or 0.3 and a HR value
of 0.7 or 0.8 may be appropriate thresholds foewheining whether a remote sensing effort
generates suitable BMP data. Single applicatiah@FAR threshold would be appropriate
when over-counting of BMPs is the primary concéiris recommended that the upper
confidence leveld=0.10) be used as the threshold value. Single egipn of the lower
confidence leveld=0.10) of HR be used when under-counting of BMR&ésprimary concern.
Where over-counting and under-counting of BMPsadirequal concern it is recommended that
thresholds for both FAR and HR be established.

A minimum sample size is also recommended. Analgsesented here and the study by
Sullivan et al. (2008) indicate that a minimum sérgize of 20 (i.e., 20 instances of the BMP
ground verified) may be suitable. Although smaftenimum sample sizes might be appropriate
for relatively uncommon conservation practices (aecounting for finite population correction
on confidence intervals), insufficient informatiams found in the literature to support an
alternative strategy for addressing minimum sarsfdes for ground truthing.

A two-step process may be appropriate where teediep requires that the following conditions
be met:

» Sample size is at least 20

* FAR (upper confidence limit value is recommendsdtior below the threshold value

* HR (lower confidence limit value is recommendedti®r above the threshold value

If these conditions are met, the estimate of BM&ngity would then be corrected for bias using
the ratio of PAG/HR:
* Lower confidence limit value is recommended foloaservative estimate.
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