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 A B S T R A C T

Machine learning models are typically data-hungry algorithms that require large data inputs for training. 
When they produce wall-to-wall remote sensing products, model validation also requires large sets of 
temporally harmonized field observations. Crowdsourcing may offer a potential solution for the collection 
of photointerpretations for the training and validation of spatial models of tree canopy cover (TCC), as it 
harnesses the power of a large anonymous crowd in the completion of repetitive discrete analyses or human 
intelligence tasks (HITs). This study explores the factors that determine the consistency of TCC interpretations 
collected by an anonymous crowd to those collected by a control group. The crowd interpretations were 
obtained through an anonymous platform with a task-reward framework, while those collected by the control 
group were collected by known interpreters in a more traditional setting. Both groups carried out this task using 
an interface developed for Amazon’s Mechanical Turk platform. We collected multiple interpretations at sample 
plot locations from both crowd and control interpreters, and sampled these data in a Monte Carlo framework 
to estimate a classification model predicting the consistency of each crowd interpretation with control 
interpretations. Using this model, we identified the most important variables in estimating the relationship 
between a location’s characteristics and interpretation behaviors which affect consistency in interpretations 
between crowd workers our control group. Overall, we show low agreement between crowdsourced and 
control interpretations, as well as interpretations from individual control group members. This warrants 
caution in considering the crowdsourced photointerpretation of TCC as a data source for model training and 
validation without adequate interpreter training as well as significant quality control measures and consistency 
standards. We show that the number of plots interpreted was the strongest indicator of the reliability of 
an individual’s interpretations, further evidenced by apparent fatigue effects in crowd interpretations. The 
second most important variable related to the use of the false color display during interpretation followed by 
a variable related to the use of the natural color display during interpretation, reflecting the differences in 
interpretation methodologies used by crowd workers and control group interpreters and the impact display has 
on the interpretation of tree canopy cover. Finally, we discuss recommendations for further study and future 
implementations of crowdsourced photointerpretation. These include the enhanced use of existing mechanisms 
within Mechanical Turk such as worker qualifications to identify and reward more attentive workers, as well 
as enhanced attention to quality control measures throughout the data collection process and measures to 
increase intrinsic motivation. For our study we also recommend a minimum time on task or other measures to 
reduce the punishment of access to HITs for workers who took their time providing detailed  interpretations. 
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We also recommend using optimized default interface settings instead of providing a variety of options to the 
interpreter.
1. Introduction

Modern environmental research relies on the ability of scientists 
to model the relationships between various ecosystem components 
in order to monitor trends, understand the current state of our re-
sources, and to more accurately forecast potential threats and facilitate 
improved decision-making. As algorithms become more complex and 
study areas become more expansive, the models used to estimate these 
relationships require the collection of more training and validation 
data, a process that is usually time-consuming and costly (Congalton 
and Green, 2009; Tipton et al., 2012; McRoberts and Tomppo, 2007). 
For remote sensing applications, harmonizing the collection of in situ 
observations with satellite imagery could pose additional logistical 
challenges and costs (Congalton and Green, 2009), particularly over 
large spatial scales. Crowdsourcing presents a potential source of high 
quality training data, particularly for applications like tree canopy 
cover (TCC) modeling, where predictor variables can be interpreted 
from high quality aerial imagery in place of field observations.

Crowdsourcing is a method of data collection which has risen to 
prominence as an avenue to reduce time and cost of data collection 
by ‘‘outsourcing tasks. . . to an undefinably large, heterogeneous mass 
of potential actors’’ (Anon, 2012). Crowdsourcing processes, called Hu-
man Intelligence Tasks (HITs) typically utilize an anonymous voluntary 
crowd to meet a specific goal for an identified solicitor. If performed by 
experts, these tasks would be considerably more expensive (Haklay and 
Weber, 2008). HITs are typically difficult to automate, therefore requir-
ing some activity be performed by a human actor. To reduce bias most 
HITs are designed to involve only simple, objective analyses (Galloway 
et al., 2006). While photointerpretation typically relies on experts to 
interpret imagery, crowdsourcing could be operationalized to collect 
interpretations even more quickly to better meet modern data needs, or 
to cost-effectively obtain multiple interpretations for data aggregation 
methods.

TCC is defined as the ‘‘proportion of the forest floor covered by the 
vertical projection of the tree crowns’’ (Jennings et al., 1999). It is an 
important measurement in forest management, as it can provide insight 
into forest health, disease, degradation, growth, and productivity. One 
method for the collection of TCC values is photointerpretation, which 
uses high resolution aerial imagery. Even when employed by forestry 
experts, this approach reduces the cost of data collection by minimizing 
travel time and resources. Esseen et al. (2006) show that photoint-
erpretation of forest edge lengths was found to be eight times faster 
and five times more cost effective than field measurements (Esseen 
et al., 2006). Additionally, where constraints to physical access to 
sites could bias sample design, photointerpretation can often still be 
performed (Congalton, 1991). To obtain photointerpreted measures of 
TCC, interpreters use a dot grid over an image depicting a defined 
spatial area. The interpreter then decides if each dot falls on a tree 
canopy or non-tree canopy feature in the image. The percentage of dots 
that fall on tree canopies yields a TCC value. Expert-interpreted TCC 
values have been collected from imagery across the United States to 
train and test nationwide models for the National Land Cover Database 
(NLCD) since 2011 (Coulston et al., 2012; Derwin et al., 2020). Pho-
tointerpreted TCC measurements are suitable for model training and 
validation, and can be collected more efficiently than the common field 
methods. However, collecting these interpretations at all of the 364,240 
photo plot locations across the United States that made up the sampling 
frame for this study would still require considerable cost and time. To 
address this, we assess the potential of crowdsourcing to obtain TCC 
interpretations.
2 
This study builds on a body of research which has employed crowd-
sourcing to collect geographic information by way of classification, 
digitization, and conflation of satellite or aerial imagery (de Albu-
querque et al., 2016), and to improve and validate existing remote 
sensing models. Yu et al. (2015) demonstrates the value of crowd-
sourced photointerpretations for the identification of cloud-covered 
pixels in Landsat imagery. This study showed that crowd interpretations 
improve cloud and cloud-shadow detection. They show that crowd 
interpreters were more successful at identifying and delineating clouds 
compared to automated models, particularly when using a majority 
voting rule across interpreters (Yu et al., 2015). Additionally, the 
platform Geo-wiki.org uses imagery from Google Earth to collect data 
across the world. Geo-wiki.org has been used to generate training data 
for classification models and to improve upon existing classifications for 
global landcover (Fritz et al., 2009) models in regions where there is 
disagreement. Schepaschenko et al. (2015) created a forest probability 
layer and a map of percent forest cover from Geo-wiki.org’s interpre-
tations in combination with several commonly used models of forest 
cover. Their forest classification model has an overall accuracy of 93% 
and has an R2 of 0.87 which rivals or exceeds the accuracy of all other 
models tested (Schepaschenko et al., 2015).

There remains skepticism that crowd workers can meet the high 
data quality standards of science and produce data that is comparable 
to experts’ (Wiggins and Crowston, 2011), however several studies 
address this. See 2013, which also utilized data from Geowiki.org 
to identify areas impacted by humans and landcover, compared in-
terpretations from more than 60 crowd workers to a set of three 
expert interpreters at control points where initial analysis suggested 
non-experts should be able to interpret these features, and collected 
interpreter ratings of confidence in interpretation (See et al., 2013). 
Their analysis shows that volunteers underestimated the degree of 
human impact in most land cover types, but they were more consistent 
than experts in the estimates of human impact they did provide, 
and they were also slightly more consistent in their interpretation of 
landcover type. Experts were more adept at classifying landcover than 
non-experts, showing a higher users and producers accuracies for most 
classes across relevant control point groups. They found that, for all 
interpreters, decisions were more consistent in locations where they 
were highly confident.

An interpreter could also have various personal qualities that could 
improve photointerpretation performance. Van Coillie et al. (2014) 
cites a long history of psychological studies related to remote sensing 
image interpretation. The earliest examples relate to ‘vigilance’, or 
the opposite of fatigue, observed in WWII operators watching radar 
screens (Van Coillie et al., 2014). In these studies, fatigue effects result 
in a drop in performance over time (Parasuraman, 1986) as referenced 
by Van Coillie et al. (2014). Van Coillie et al. (2014) also reviewed 
research that demonstrated the importance of task-specific training to 
create higher levels of agreement between interpreters (Cooper et al., 
2007), and that training for systematic methods of interpretation as 
opposed to random search caused higher performance (Wang et al., 
1997). These authors measured the effects of these influences using 
photointerpretation by enlisting volunteers to digitize various ground 
features from remote sensing imagery. The results demonstrate that 
human factors such as intrinsic motivators and personal characteristics, 
including experience and the amount of time the interpreter was willing 
to spend were responsible for 26% of inter-individual differences in 
performance. They also observed a clear fatigue effect (Van Coillie 
et al., 2014). Fatigue affects were also observed in Yu, 2015, where 
they showed that interpretation accuracy deteriorated with time on 
task (Yu et al., 2015). This study also demonstrated that quality of 
interpretations was insensitive to wage, an extrinsic motivator, which 
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is a finding also reflected in other studies (Mason and Watts, 2010; 
Buhrmester et al., 2011).

Successful photointerpretation requires some experience, such as 
knowledge of subject, geographic region, and remote sensing sys-
tem (Campbell and Wynne, 2011). Due to the anonymous nature of 
crowdsourcing, crowd workers traditionally have unknown or variable 
levels of experience with all of these. To increase the likelihood of high 
quality interpretations, voting mechanisms are common in the analysis 
of crowdsourced observations.

1.1. Objectives

We evaluated the effectiveness of crowdsourcing for the collection 
of validation-quality TCC interpretations. The primary objective of this 
study was to determine how ‘‘reliable’’ photointerpreted TCC values 
can be when collected by crowd workers on Amazon’s Mechanical 
Turk. We deployed multiple requests at each sample plot location to 
better understand how workers perform individually and in aggregate. 
Second, we explored possible factors that influence that reliability. For 
this study, the ‘‘reliability’’ of crowd interpretations was determined by 
their consistency with control interpretations.

To accomplish this, we measured the differences between interpre-
tations collected by a non-crowd control group of interpreters and those 
collected by crowd workers. Our control group was made up of three 
individuals with prior interpretation experience in forestry, no profit 
motive or time limitations, and general familiarity with the landscapes 
in our sample. To understand the factors which impact the differences 
in interpretations between these groups, we identified the plot-specific 
variables and worker-interpretation-behavior variables that influence 
the level of reliability in crowd interpretations as they compare to 
the control group’s interpretations. We have used this information to 
propose recommendations for the design of future studies in order to 
improve consistency and agreement in photointerpretation of TCC by 
crowd workers.

2. Data and methods

2.1. Study area and sample site selection

This study was conducted at sites across the conterminous United 
States. Public coordinates from the Forest Inventory and Analysis (FIA) 
program were selected as a sampling frame since the continuous hexag-
onal sampling grid ensures that our plots would not be clustered, and is 
unlikely to be aligned with regularly spaced landscape features (Brand 
et al., 2000). However areas that were predicted to have 0% TCC 
based on the 2016 USFS Analytical Tree Canopy Cover product (United 
States Department of Agriculture, Forest Service, 2019; Ruefnacht et al., 
2022) were masked from sampling as well as pixels categorized as 
background, non-tree, water, ice, snow, and agriculture. 0% TCC pixels 
represented a large portion of the landscape and therefore would have 
represented a large portion of our sample, however the interface we 
developed would not have yielded any information about interpretation 
behavior for plots that were interpreted to have 0% TCC, and, though 
time required to interpret a 0% TCC plot is negligible, the payment 
would have been the same, resulting in a relatively costly set of data 
yielding little information. Therefore we opted to remove those areas.

As stated in our objectives, one application of this study was to 
assess the value of crowdsourced interpretations for the validation of 
a continuous remote sensing product. As such, the target variable for 
this analysis was model error. We used a stratified random sampling 
protocol with strata delineated using the 1% classes from the standard 
error layer provided with the USFS Analytical Tree Canopy Cover 
product (United States Department of Agriculture, Forest Service, 2019; 
Ruefnacht et al., 2022) (See Fig.  1). By stratifying on the this layer, 
we would be minimizing the variance in the expected error within 
each stratum since the standard error of predictions across random 
3 
forest trees is likely related to model error. The standard error layer 
was created by calculating the standard error of the many predictions 
produced by the random forest model at each pixel location in the 
TCC model. The resulting map represents the prediction uncertainty 
of each pixel. In this case, the standard error layer ranges from 0 
to 45% TCC in 2011 and from 0 to 46% TCC in 2016, yielding 46 
strata for 2011 and 47 strata for 2016. Using this sample design, we 
hoped to select samples across the full range of possible model error 
values, based on the assumption that the standard error layer should 
follow the expected error distribution of the model. The number of plots 
sampled from each stratum was determined using optimal allocation 
which distributes sample units using a combination of within-stratum 
variance and stratum area (Avery and Burkhart, 1994) in order to 
increase sampling intensity over areas with a higher prediction uncer-
tainty. Stratified random sampling with optimal allocation is a standard 
probability sampling design with known inclusion probabilities, where 
the number of sample plots (nh) in stratum h is defined by: 

𝑛ℎ = 𝑛 ∗
𝑎ℎ ∗ 𝑆𝐸ℎ

∑

(𝑎ℎ ∗ 𝑆𝐸ℎ)
(1)

where n is the total sample size, ah is the area of stratum h, a is the 
population area, and SEh is the standard error within stratum h (Avery 
and Burkhart, 1994; Freese, 1962; Cochran, 1977). Fig.  1 outlines 
this mapping process and the subsequent sampling method described 
above. Strata definitions and standard error values were obtained from 
the standard error layer of the 2016 USFS Analytical Tree Canopy 
Cover product (United States Department of Agriculture, Forest Service, 
2019).

A target sample size of 2000 plots was confirmed to be appropriate 
to achieve the desired precision (E) and confidence interval for this 
study based on Eq.  (2). 

𝑛 =
(
∑

(𝑎ℎ ∗ 𝑆𝐸ℎ))2

𝑁2∗𝐸2

𝑡2
+
∑

(𝑎ℎ ∗ 𝑆𝐸2
ℎ)

(2)

where n is the total sample size, ah is the stratum area h, SEh is 
the standard error value of stratum h, N is the population size based 
on the number of unmasked pixels in the population (comprising 
2,989,614,429 30-meter pixels across the conterminous United States),
t is student’s t based on the 95% confidence interval and large popula-
tion size (1.960), and E is the desired precision of the sample mean to 
the population mean (which we determined to be 1% TCC) (Avery and 
Burkhart, 1994). This calculation results in a value of 1384, which is 
significantly lower than the target sample size.

Our sampling method resulted in the allocation of fractional plots 
to each stratum, which we rounded to the nearest whole number to 
calculate nh (See Fig.  1). After rounding these values, the total sample 
size across all strata for crowd interpretations is 1998. For the control 
sample, a subset of the crowd plots were selected using the same sample 
allocation method but a 25% target sample size to accommodate the 
limited time our control interpreters had to contribute to this study. 
A target sample of 500 plots was used for control sampling and after 
fractional plots were rounded during optimal allocation sampling the 
final number of control sample plots is 502.

Because we distributed our sample using stratified random sampling 
with optimal allocation, inclusion probabilities were defined by pro-
portional strata areas as well as the standard error value. We hoped to 
concentrate our sampling in areas with higher prediction uncertainty 
since error values in those areas were expected to be more variable, 
requiring more sample plots. In order to avoid over-emphasizing ar-
eas with a high uncertainty or under-emphasizing areas with low 
uncertainty in our analysis, sample-wide statistics were calculated by 
determining the estimate within each 1% interval of standard error 
and then combining those estimates using a weighted average based 
on area.
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Fig. 1. Sample allocation workflow.
2.2. Mechanical Turk HIT interface development

Amazon’s Mechanical Turk (https://www.mturk.com/) is a network 
interface for crowdsourcing tasks. This interface enables potential an-
alysts to be trained for and undertake HITs for a small monetary 
payment. The preliminary design of the Amazon Mechanical Turk 
interface used for this study has two sectors. A local interface which 
hosts spatial data such as plot locations, dot grids, and NAIP imagery 
(from existing ArcGIS online web services (Esri and USDA Farm Service 
Agency, 2014b,a)) is located on Virginia Tech’s GIS servers (as in Yu 
et al. 2015) (Yu et al., 2015), and a Mechanical Turk Shell, which has 
the capacity for recruitment, worker identification, and payment, inter-
pretation tasks, database output, and interface interaction monitoring. 
4 
The design harmonizes these two sectors into a single interface using 
ESRI’s ArcGIS API for Java script.

Color-infrared NAIP imagery was obtained using ArcGIS online with 
dates close to 2011 for time 1 and 2016 for time 2, corresponding 
to timing for the 2011 and 2016 USFS Analytical Tree Canopy Cover 
products. 1 m spatial resolution NAIP imagery is collected by the 
USDA Farm Service Agency from aerial surveys with partial coverage 
each year. Since 2009, coverage of NAIP imagery is scheduled every 
three years for the contiguous lower 48 US states. Images are collected 
on clear days to ensure that images have less than 10 percent cloud 
cover per quarter quad tile. The images used for this study have three 
visible bands and one near infrared band, enabling a natural-color or 
false-color composite (USDA Farm Service Agency, 2018)

https://www.mturk.com/
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Fig. 2. Mechanical Turk interface showing 2011 image in false color display.
For this research, we served 1998 HITs, one for each sample plot 
selected. Each HIT involves the interpretation of a 100-dot grid at each 
plot location for two time periods. The dot grid consists of evenly-
spaced dots aligned with a 30-m Landsat pixel which intersects the 
interpretation plot location. This dot grid covers a smaller area and 
uses fewer dots compared to the training data described in  Coulston 
et al. (2012) and the data used for the USFS Analytical Tree Canopy 
Cover product, as described in Ruefnacht et al. (2022) but our objective 
was to obtain a user-friendly validation. We chose a 30-m grid area to 
provide a validation at the pixel-level, and we chose to use 100 dots 
so that our validation would be provided within 1% TCC, which is the 
precision of the 2016 USFS Analytical Tree Canopy Cover product being 
tested (United States Department of Agriculture, Forest Service, 2019; 
Coulston et al., 2012; Ruefnacht et al., 2022).

Upon the completion of each HIT, a crowd worker received a pay-
ment of $0.22 and Amazon received a 20% payment of $0.05. We took 
reasonable measures to ensure that interpretations were completed 
by different interpreters. There were 9 available assignments for each 
HIT, meaning that 9 different interpreter accounts accessed and com-
pleted the same plot interpretation. One interpreter’s account cannot 
access and interpret the same HIT twice, however if an interpreter had 
multiple accounts they may have been able to work the same HIT twice.

During interpretation, the interpreter could change the display be-
tween natural color and false color, zoom in and out, and reset the zoom 
to be centered around the dot grid. To interpret TCC on the provided 
5 
plot, interpreters would click on the dots in the dot grid. The first 
time the interpreter clicked a dot, the color would turn blue and the 
designation would change to indicate that the dot fell on tree canopy. If 
they clicked a dot a second time, this would revert the dot’s appearance 
and change the designation to indicate that the dot did not fall on tree 
canopy. Once the interpreter completed the 2011 interpretation they 
would repeat the process, this time using a 2016 NAIP image. They 
could also return to the 2011 interpretation to review and modify their 
work. Once both 2011 and 2016 interpretations were completed, the 
interpreter would certify and submit their HIT (Fig.  2).

The back-end of the interface consisted of a database which col-
lected information on the interpretations for each dot from each inter-
preter. In addition to the interpretation, when an interpreter clicked 
on a dot, the interface collected the display status (false color/natural 
color), the image scale, and a time-stamp. The data were organized by 
plot ID and dot ID and additionally included fields with the 𝑥 and 𝑦
coordinates of each dot. After each phase of this study, these data were 
compiled into a JSON file and imported into R where they were read 
to a table.

A training document was developed by our team in order to ensure 
that both control and crowd interpreters had the background needed 
to understand and complete this task. This document was available for 
review at any time from a link included in the interpretation interface. 
To qualify for this HIT, crowd workers were expected to review the 
training document and then pass a qualification exam, which consisted 
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Table 1
Schedule and characteristics of each HIT release including phase, description, number of plots, dates, and timing.
 Description Number of Initiated Completed Approximate 
 plots timing  
 Phase 1 Quality control 1 24-Oct 29-Oct 6 days  
 Phase 1b Quality control re-launch 50 19-Nov 23-Nov 5 days  
 Phase 2 Control group & crowd 451 18-Dec 21-Dec 4 days  
 Phase 3 Crowd only 1,498 2-Mar 5-Mar 4 days  
of 11 questions each requiring the interpretation of a single dot over 
imagery. Crowd workers who passed the exam with an 80% were qual-
ified for the HIT. Qualification also included the review of an informed 
consent document outlining the data that were being collected and any 
possible risks, and a captcha task to reduce interference in our HIT by 
bots (Stokel-Walker, 2018; Moss and Litman, 2018; Ahler et al., 2021).

2.3. HIT release and quality control

Crowd HITs were released in three phases. The first and second 
phases consisted of plots that corresponded to control plots, while the 
third phase represented the remaining 1496 plots. The first phase was 
limited to only 50 plots for the purpose of quality control and to ensure 
that the interface was working properly. These 50 plots were randomly 
selected from the set of 502 that the control group was also interpreting 
(see Table  1). 

Technical issues with the initial phase 1 request resulted in in-
dividual workers interpreting the same plot location many times. As 
an exploratory quality control measure, these interpretations were 
plotted, compiled, and mapped to show how many of their own dot 
interpretations agreed. This information was qualitatively assessed to 
be satisfactory before the HITs were re-released. Once phase 1 was 
completed, plot interpretations were mapped out over NAIP and qual-
itatively spot checked to ensure that workers were interpreting the 
imagery correctly and that the interpretations were properly aligned 
with NAIP in case of image projection issues. Interpretations that 
resulted in 0% TCC were also identified and visually compared to 
ensure that workers were not submitting a disproportionate number 
of empty HITs to increase their wage. After phase 2, histograms were 
produced to further confirm there was not an over-abundance of 0% 
TCC interpretations compared to the expected distribution. Direct quan-
titative comparisons were not performed for quality control as one of 
the objectives of this study was to test the ability of crowd workers to 
collect consistent interpretations with the control group, and adjusting 
the interface based on the results of these comparisons could bias that 
outcome.

2.4. Data analysis

This study generated up to nine crowd interpretations at 1998 plot 
locations and up to three control interpretations at 477 plot locations 
across the United States. While the control group had 502 plots avail-
able to them to interpret, because of various technical issues we were 
only able to collect data at 477 of those locations. In this study, no 
clear benchmark for ‘‘truth’’ exists among these photointerpretations 
of TCC, and so we rely on analysis of agreement between crowd 
and control interpreter groups. A reliability score was calculated for 
each crowd worker using the proportion of plots where that crowd 
worker’s interpretations agreed with each of the available control in-
terpretations within 10% TCC. This proportion was calculated using an 
area-weighted average for each 1% interval of the standard error layer 
based on the proportion of an individual crowd worker’s interpretations 
that are within 10% of control interpretations(pai) (Eq.  (3)). 

𝑝𝑎𝑖 =
𝑛𝑎𝑖
𝑛𝑖

(3)

where nai is the number of interpretations from worker a in agreement 
in a 1% interval of the standard error layer i and ni is the sample size 
within interval i.
6 
The proportion of plots with agreement within 10% TCC was also 
calculated between individual control interpreters to better understand 
their level of agreement. Control interpretations were also compared 
with one another and to crowd interpretations using an estimate of 
Pearson’s correlation coefficient. Estimated Pearson’s correlation coef-
ficients (𝑟𝑋𝑌 ) (Eq.  (5)) between groups textitX andY  were calculated 
by: 

𝑟𝑋𝑌 =
∑

(𝑤𝑖 ∗ (𝑋𝑖 − 𝑋̄) ∗ (𝑌𝑖 − 𝑌 ))
√

∑

(𝑤𝑖 ∗ (𝑋𝑖 − 𝑋̄)2) ∗
∑

(𝑤𝑖 ∗ (𝑌𝑖 − 𝑌 )2)
(4)

where Xi and Yi are the values of from groups X and Y  within interval
i of the standard error layer, 𝑋̄ and 𝑌  the estimated means of X and Y
across all intervals (Pozzi et al., 2012; Tim, 2021), and wi is the weight 
representing the proportional area of interval i (ai) to the full study area 
(a), defined by: 

𝑤𝑖 =
𝑎𝑖
𝑎
;
∑

𝑤𝑖 = 1 (5)

Crowd plot interpretations were compared to control group interpre-
tations using estimated means and estimated Pearson’s correlation 
coefficients (r).

2.5. Reliability model

Crowd workers’ interpretations were compared to control group 
interpretations to obtain ratings of crowd worker reliability. Because 
there were multiple crowd and control group interpretations, a data 
frame was created with records for all possible comparisons of crowd 
worker and control group interpretations at each plot. The percentage 
of these comparisons that were within 10% TCC was obtained for each 
crowd interpreter using the estimated mean agreement as described 
above (Eq.  (3)).

Benchmarks for crowd worker reliability were set by the upper 
and lower bounds of agreement between the three interpreters in 
the control group. The minimum proportion of all 2011 and 2016 
observations that fell within 10% TCC between any two control group 
interpreters was 0.20. This value was used to define the upper bound 
of ‘‘unreliable’’ crowd workers, by categorizing any crowd worker 
whose interpretations agreed within 10% TCC with less than 0.20 of 
the control interpretations. The maximum proportion of all 2011 and 
2016 observations that fell within 10% TCC between any two control 
group interpreters was 0.50. Likewise, this value was used to define the 
lower bound of reliable crowd workers, whose interpretations agreed 
within 10% TCC with more than 0.50 of the control interpretations. 
Crowd workers who only interpreted HITs in phase 3, which were 
not interpreted by the control group, and those individuals whose 
agreement frequency fell between 0.20 and 0.50 were considered to 
be ‘‘Other/Unknown’ and were left out of the training sample.

While data were collected for both 2011 and 2016, initial testing 
on both years of data showed strong correlations between results, so 
while the reliability analysis presented in this study relates only to 2016 
data, similar trends were observed for 2011. The benchmarks described 
above, however are defined using both 2011 and 2016 data.

This process resulted in a training sample with 95 reliable interpre-
tations at 93 plots from 10 workers and 5168 unreliable interpretations 
at 1952 plots from 23 workers. While these benchmarks were obtained 
using data from both 2011 and 2016, the reliability model was only 
estimated and analyzed for the 2016 data.
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Fig. 3. (Left) Distribution of control and crowd interpretation values for 2016. Data from 2011 show similar trends and distributions. (Right) All combinations of control vs. crowd 
interpretations from 2016 split into unreliable and reliable classifications based on model predictions.
A subset of variables relating to plot characteristics and interpreta-
tion behavior were collected for each interpretation. A training sample 
was then selected using a Monte Carlo framework and used to estimate 
a series of 5000 random forest classification models predicting relia-
bility class using R’s randomForest package, version 4.6-14 (R. Core 
Team, 2018; Breiman et al., 2018). There was a disparity in the number 
of reliable interpretations in the training sample compared with the 
more prevalent unreliable class. Because classification algorithms are 
typically designed to minimize the output model’s overall error, a large 
disparity in training class size could result in poor quality classifications 
for the smaller class since the small number of training sample plots 
would have a relatively small impact on the models error. To mitigate 
this issue in our reliability model, bootstrapped sampling was used to 
randomly choose a balanced sample from the training data for each of 
the 5000 models following Chen et al. (2004). The reliable interpre-
tations were randomly selected with replacement to identify an in-bag 
sample and an out-of-bag testing sample. The resulting in-bag dataset 
was then sampled with replacement again to amplify the number of 
interpretations in the sample until the reliable class accounted for 50% 
of interpretations used to train our model. The unreliable data were 
also sampled using this method to select an unreliable sample also 
accounting for 50% of interpretations used to train our model. The 
resulting training dataset had two classes with 2637 interpretations in 
each. Unreliable interpretations that were not selected for the training 
data set were held out for the out-of-bag testing dataset. The sample 
interpretations from reliable and ‘‘unreliable’’ classes were combined 
to create a training data set and a testing dataset, and a random forest 
classification model was estimated to predict interpreter reliability. 
This process was repeated 5000 times, creating training and testing 
data for each model.

The final reliability classification separated all interpretations into 
reliable and unreliable classes using these scores. If more than 50% of 
models classified an interpretation as reliable, the final classification 
was reliable. If less than or equal to 50% of the models classified an 
interpretations reliable, the final classification was unreliable.

Variable importance metrics and in-bag and out-of-bag predictions 
were obtained for each of the 5000 reliability models based on the 
rank-score method described in Schroeder et al. (2017). Out-of-bag 
predictions were used to estimate overall model accuracy for each 
model iteration and predictions on all data (in-bag and out-of-bag) were 
used to calculate a percent reliability metric for each interpretation. 
This metric reflects the percent of models which predicted that inter-
pretation to be reliable. To test variable importance in our reliability 
model, the mean increase in error resulting from each predictor’s 
removal from the model was collected and ranked for each iteration. 
The top 10 most important variables were given a score between 10 
(for the most important variable) and 1 (for the 10th most important 
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variable) and those scores were added by variable across iterations to 
get an overall variable importance score (Schroeder et al., 2017).

Different subsets of crowd interpretations (all crowd, 2011, 2016, 
reliable, and unreliable) were compared to control group interpre-
tations to test if they came from statistically different distributions. 
These statistics were approximated using a combination of all available 
interpretations at each plot location. To ensure representation of all 
interpretations we randomly sampled a single interpretation from (up 
to 9) available crowd interpretations and a single interpretations from 
the (up to 3) available control group interpretations at each of the 477 
plots where both crowd and control interpreters worked and repeated 
this process 5000 times. For each of the 5000 resulting data sets, subsets 
of data were obtained by querying by the interpretation year and, for 
2016 data, by interpretation reliability class. Control group interpreta-
tions were compared to crowd interpretations for each subgroup using 
estimated Pearson’s correlation coefficient (r).

3. Results

3.1. All interpretations

Crowd interpreters returned 17,690 assignments during this study 
at 1998 plot locations, each representing a TCC interpretation for 2011 
and 2016. Interpreters from the control group returned a total of 1078 
assignments at 502 locations. The 170 crowd workers who participated 
in this study completed between 1 and 1927 assignments individually, 
with the five most prolific interpreters producing between 1208 and 
1927 interpretations and the ten most prolific producing between 830 
and 1927. The majority of workers submitted at least 6 assignments, 
but many workers submitted fewer, and 49 workers submitted only 1 
assignment.

Mean TCC values from crowd interpretations are substantially lower 
than those from control interpreters (Table  2). When phase 3 is ac-
counted for, the estimated mean of the crowd interpretations is even 
lower for both years, however there were no control interpretations 
at phase 3 plots for comparison. The disparity in crowd and control 
interpretations is apparent in the histograms from 2016 which show 
that crowd interpreters interpreted lower TCC values more often than 
the control group. By contrast, the histograms also show that control 
group interpreters observed very high TCC values more often than 
crowd workers (Fig.  3). Data from 2011 show similar trends and 
distributions.

Disagreement was measured using the standard deviation of in-
terpretations for each plot by group. Disagreement between crowd 
workers is higher overall than it is for the control group in 2011 and 
2016 for phase 1 and 2 data only. This trend is maintained when all 
three phases of crowd data are accounted for (Table  2). Histograms also 
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Table 2
Summary values for interpretations as collected. Disagreement refers to the standard deviation of all interpretations of each 
plot by worker type. 
 Worker Year Phases Number of Number of Number of Estimated Estimated  
 type workers plots interpretations mean mean  
 % TCC disagreement 
 (% TCC)  
 Control Group 2011 1 & 2 3 502 1,078 63.6 16.8  
 Control Group 2016 1 & 2 3 502 1,078 63.6 16.4  
 Crowd 2011 1 & 2 108 502 4,432 41.7 23.3  
 Crowd 2016 1 & 2 108 502 4,432 43.6 21.9  
 Crowd 2011 1, 2, & 3 170 1,998 17,690 38.8 21.2  
 Crowd 2016 1, 2, & 3 170 1,998 17,690 39.6 20.5  
Table 3
Inter-interpreter comparison for the control group showing number of plots interpreted between the interpreters in question, 
proportion of interpretations within 10% TCC, and estimated Pearson’s correlation coefficient (r).
 Comparison Number of Est. Mean Est. Est.  
 interpretations Proportion r (2011) r (2016) 
 within  
 10% (2011  
 and 2016)  
 Control Worker 1 v Control Worker 2 388 0.53 0.64 0.74  
 Control Worker 2 v Control Worker 3 484 0.32 0.77 0.82  
 Control Worker 3 v Control Worker 1 708 0.20 0.73 0.67  
 All Control 1,580 0.31  
show that disagreement values tend to be higher for crowd interpreters 
than for the control group in 2016 (similar results were observed for 
2011), but control interpreters’ disagreement levels have more plots 
with high disagreement (Fig.  3).

Diagnostic plots for individual crowd workers and maps of plot 
interpretations show several patterns in crowd interpreter behavior. For 
example, a scatter plot between an individual crowd worker’s inter-
pretations (later deemed unreliable) and control interpretations show a 
concentration of crowd interpretation values between 5 and 25% TCC. 
Comparing interpretation values to the number of plots interpreted 
show a sharp decline in TCC values as the worker interpreted more 
plots, with recovery at the beginning of each HIT release phase which 
were separated by up to 72 days. Additionally, interpretation times 
decline as the worker interpreted more plots, also recovering at the 
beginning of each interpretation phase (Fig.  7).

Maps of selected crowd interpretations show the following cases:

• Crowd workers clicked a series of disconnected dots throughout 
the plot resulting in an overestimate of the TCC value compared 
to the control interpretation (Top-left, Fig.  4)

• A plot with heavy texture and shadow where a crowd worker un-
derestimated TCC compared to control interpretations (Top-right, 
Fig.  4)

• A plot showing features which a crowd worker interpreted as 
trees, and which the control group member interpreted as non-
tree features resulting in a higher crowd interpretation value 
compared to the control (Bottom-left, Fig.  4)

• A plot with heavy shadow and nearby trees where a crowd worker 
overestimated TCC compared to the control (Bottom-right, Fig.  4)

Finally, scatter plots pairing all control interpretations against all 
crowd interpretations show that crowd workers routinely underesti-
mate TCC compared to the control, and that there is little correlation 
between the groups’ interpretations (Fig.  3).

3.2. Control group interpreters and agreement

Control interpretations were compared by interpreter to determine 
if their observations were similar. For all control interpreters, 31% 
of interpretation were within 10% TCC of the other control inter-
preters, with the lowest agreement frequency between control inter-
preters 1 and 3 and the highest frequency of agreement between 
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Table 4
Estimated Pearson’s correlation coefficients (r) between all crowd and control group 
interpretations for 2011 and 2016 and all dates, and between reliable crowd and 
control group interpretations and unreliable crowd and control group interpretations 
for 2016. Records with NA values were removed from calculations. All comparisons 
are calculated using bootstrapped interpretations (one at each plot) so n Interpretations
is also equivalent to the number of plots represented.
 Year Number of Estimated 
 interpretations r  
 2011 477 0.19  
 2016 477 0.23  
 All 954 0.21  
 Reliable (2016) 41.2 0.53  
 Unreliable (2016) 434.9 0.21  

control interpreters 1 and 2. These agreement proportions account for 
interpretations from both 2011 and 2016 (Table  3).

Finally, estimated Pearson’s correlation coefficients (r) show corre-
lations between control interpreters (comparing data from individual 
years) that range between 0.64 and 0.82. Scatterplots of TCC interpre-
tations between control group interpreters show some correlation. Plots 
show little difference in agreement between interpretations of 2011 
imagery and 2016 imagery (Fig.  5).

3.3. Reliability

3.3.1. Reliability model
The Monte Carlo modeling framework produced 5000 models for 

interpretation reliability, each with their own class predictions (reliable 
or unreliable) for all plots, out-of-bag error estimates, and variable im-
portance rankings. The out-of-bag accuracy of all classification models 
are normally distributed with a mean of 99.5%, a minimum model 
accuracy of 99.0%, and a maximum model accuracy of 99.8%. The 
aggregate confusion matrix for these models shows that, on average, 
73% of interpretations that were observed to be reliable were also 
predicted to be reliable, and >99% of plots that were observed to 
be unreliable were also predicted to be unreliable. The final class of 
reliable interpretations has a higher level of agreement with control 
workers’ interpretations than those interpretations classified as unre-
liable. Where the complete set of crowd data generally shows crowd 
workers under-estimating TCC values compared to control interpreters, 
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Fig. 4. Each image shows a panel with a crowd interpretation (and the underlying NAIP imagery in the display used during the majority of that interpretation) at an approximate 
scale of 1:700, a control interpretation (and the underlying NAIP imagery in the display used during the majority of that interpretation) at an approximate scale of 1:1000, and a 
context image, zoomed to an approximate scale of 1:3250. Public FIA plot footprints are also shown in the context panel to demonstrate where the plot coordinates fell relative 
to the area covered by the interpretation dot grid. Only publicly available plot locations, which are approximations of actual FIA plot locations, were used in this image and in 
this study. Base layers from ESRI and the USDA Farm Service Agency.
a larger proportion of the interpretations deemed reliable are close to 
the 1:1 line or above the 1:1 line (Fig.  3).

Selected interpretations were evaluated for correlation using an 
estimate of the Pearson’s correlation coefficient (r). This metric were 
calculated using all available plots for the 2011, 2016, and full set of 
data, to identify different patterns across the dates interpreted. There 
were 477 plots that both crowd and control group workers inter-
preted for 2011 and 2016 (adding to 954 single-date interpretations). 
Crowd and control interpretations were randomly selected from the 
pool of available interpretations for each plot location using a resample-
aggregation approach. This meant that one of the up to three available 
control interpretations was selected and one of the up to nine avail-
able crowd interpretations were selected for each resample draw with 
5000 resamples total. The r values were calculated for each resample 
9 
and then an average r was used as for the estimate. This process 
was repeated with reliable and unreliable interpretations, however the 
number of plots that were identified as reliable and unreliable varied 
based on the interpretation selected by the resample draw. Therefore, 
the number of interpretations reported is an average of the number 
of reliable and unreliable interpretations used to calculate r for each 
resample. Reliable interpretations accounted for a smaller proportion 
of the interpretations in all of the 5000 samples, accounting for about 
8.6% of each sample plot on average.

When comparing all crowd and control interpreters, 2016 data 
had a slightly higher correlation compared to 2011, but data from 
individual years and both years combined showed a low correlation 
between crowd and control interpreters. For unreliable 2016 interpre-
tations, many of the statistics follow the same patterns as the full set 
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Fig. 5. Scatter plot between individual control group members for 2011 and 2016.
of 2016 interpretations, with even lower correlations between crowd 
and control group interpretations. However, reliable 2016 data show a 
stronger (though unremarkable) correlation between crowd and control 
group interpretations, indicating that reliable crowd interpretations 
and control group interpretations are not significantly different (see
Table  4).

3.4. Important variables

Variable importance scores, demonstrate that the number of plots 
interpreted is the most significant variable in determining the reliability 
of a plot interpretation (Schroeder et al., 2017). The second most 
important variable overall was the % of dots interpreted with a false color 
display, which was ranked most important for 90 models, second most 
important in 4599 models, and lower rankings for 311 models, with an 
overall score of 44,733. The % of dots interpreted with a natural color 
display and the interpreted TCC value are closely ranked, with overall 
scores of 36,531 and 35,915, respectively. Categorically, two out of 
four of the interpretation-scale variables (Number of plots interpreted and
Number of HIT’s available) have importance scores ranked in the top 
five, as well as two out of four of the dot-level interpretation variables 
(% of dots interpreted using false color display and % of dots interpreted 
using natural color display). One of the TCC variables was also ranked 
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in the top five (interpreted TCC). Neither of the two ecological plot 
variables have importance scores ranked in the top five, however level-2 
ecoregion was the lowest ranked variable in the top half (Fig.  6).

3.4.1. Number of plots interpreted
Number of plots interpreted is ranked the most important variable 

overall in determining crowd interpretation reliability in photointer-
pretation of TCC compared to the control group. It was ranked most 
important variable for 4910 out of 5000 models, and second for the 
remaining 90 models. The number of plots interpreted is higher among 
all crowd interpretations and unreliable crowd interpretations, and 
even lower among reliable crowd interpretations than among control 
group interpreters who were only expected to complete 502 of the 1998 
total plots theoretically available to crowd workers. This indicates that 
reliable interpretations were more likely to occur early on in a worker’s 
interpretation sequence (Table  5).

When the number of plots interpreted (n) is plotted against the 
mean absolute difference between the n’th crowd interpretation and 
all available control interpretations, the trend line has a positive slope 
of 0.02. Based on this linear model, the predicted error of the first 
interpretation all workers interpreted is 27.4%, while the predicted 
error of the 400th plot interpreted is 35.4%, and the predicted error 
of the 894th plot (the maximum value of number of plots interpreted 
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Fig. 6. Variable importance scores for reliability model, calculated using a rank-score method which assigns points to the top ten most important variables in each of the 5000 
models and adds them together (2016 only). Dashed line indicates the top five most important variables across all models. These scores were derived from the mean decrease in 
accuracy metric supplied by the randomForest function in R.
Table 5
Estimated mean value for the top five most important variables by interpreter class for 2016 only.
 variables All Unreliable Reliable Control  
 crowd crowd crowd group  
 interpretations interpretations interpretations interpretations 
 Number of Plots 1095.3 1124.8 30.8 378.9  
 Interpreted  
 % Dots in False Color 5.8 4.7 46.5 62.0  
 % Dots in Natural Color 34.8 35.3 17.0 1.4  
 Interpreted TCC 39.6 39.0 64.3 62.9  
 Number of HITs 707.7 715.6 398.9 186.9  
 Available  
by a crowd worker across plots that were also interpreted by the control 
group) interpreted is 45.3% (Fig.  7).

3.4.2. % of Dots in False Color display and % of Dots in Natural Color 
display

The variables ‘‘% of Dots in False Color’’ and ‘‘% of Dots in Natural 
Color’’ refer to the percent of all 100 dots in each single-date plot 
interpretation that were clicked in each display. For control interpre-
tations, the majority of plots were interpreted using the false color 
display, while crowd workers usually interpreted images in a natural 
color display, which was the default. Like control interpretations, re-
liable crowd interpretations utilized the false color display more than 
unreliable crowd interpretations, but reliable crowd workers were more 
likely to use a combination of displays, changing display in the course 
of 31.1% of their interpretations compared to all other groups who 
changed display settings in the middle of an interpretation less than 
10% of the time (Table  5).
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3.4.3. Interpreted TCC
Interpreted TCC represents the resulting value of the interpreted 

plots. The plot interpretation value for all crowd workers was signifi-
cantly lower than the control group’s with an average of 39.6% TCC 
compared to 62.9% TCC for control interpreters at the same plots. 
Reliable crowd interpretations have a higher TCC value on average than 
control interpretations, with a mean of 64.3% TCC, and interpreted TCC 
values from the control group have a wider distribution than reliable 
interpretations. Unreliable crowd interpretations have the lowest value, 
with an average of 39.0% TCC. (Table  5).

3.4.4. Number of HITs available
The number of HITs available represents the actual number of 

available HITs for each worker at the time of interpretation. Unreli-
able crowd interpretations were performed when there was a larger 
number of HITs available than reliable interpretations. For unreliable 
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Fig. 7. Scatter plots demonstrating an increase in error and decrease in TCC value with additional plots as interpreted by crowd workers. (top-left) Absolute difference of the n’th 
crowd interpretation, averaged across all workers who interpreted n plots vs. the number of plots interpreted (n). (top-center) Mean TCC value of the n’th crowd interpretation, 
averaged across all workers who interpreted n plots vs. the number of plots interpreted (n). Please note that HITs were assigned randomly and not in sequence, therefore the n’th 
plot for one worker is likely to fall in a different location than the n’th plot for another worker. Therefore, these data represent the average value of crowd interpretations across 
multiple locations, but at the same time in their sequence of interpretations. (top-right) Mean TCC value of the control group’s interpretations at the plots locations corresponding 
to the n’th crowd interpretation, averaged across all available control group interpretations at plots that were interpreted as any crowd worker’s n’th interpretation vs. the number 
of plots interpreted (n). Dots displayed in all three plots represent interpretations of 2016 imagery at plots that were interpreted by the control group and also by crowd workers. 
(bottom-left) Plots from an individual crowd worker’s interpretations showing the control group’s interpretations vs. the worker’s interpretations, and (bottom-center) the number 
of the worker’s plots interpreted (n) vs. the interpretation’s value.
and all crowd interpretations, box plots show a wider, more balanced 
distribution of values than they do for reliable crowd interpretations, 
which has a skewed distribution. The majority of reliable crowd in-
terpretations were completed while there were fewer than the mean 
number of HITs available for that group. Control interpretations show 
a narrow, balanced distribution, around a fairly low mean number of 
HITs available, reflecting the smaller number of control group inter-
preters who accepted fewer assignments overall with no competition 
for assignments (Table  5).

4. Discussion

4.1. Consistency in photointerpretation was difficult to achieve, for both the 
control group and crowd workers

The inter-comparison of control interpreter data shows that each 
worker’s interpretations follow a different distribution and the control 
group members with the highest level of agreement interpreted only 
53% of plots to be within 10% TCC of one another. While the maximum 
estimated correlation is 0.82, the minimum correlation is only 0.64, 
suggesting that the control interpreters had difficulty with many plot 
interpretations and lacked consistency in some instances (Table  3). 
Some reasons for this inconsistency can be seen in the scatter plots 
comparing their interpretations. These plots show plots where one 
member of the control group consistently interpreted very low or 0% 
TCC and another interpreted higher % TCC, vice versa pointing to a lack 
of consensus in what constitutes trees and the interpretation sub-canopy 
tree cover or ground within canopy gaps.(Fig.  5).

Several methodological decisions may improve consistency among 
interpretations in future studies. First, our control interpreters were not 
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trained using a consistent protocol as seen in Jackson et al. (2012), 
where between 63%–90% of TCC interpretations from expert inter-
preters were within 10% agreement with other experts (Jackson et al., 
2012) and in Riemann et al. (2016) where re-measured TCC pho-
tointerpretations showed a high level of agreement between inter-
preters (Riemann et al., 2016). Each of our control interpreters had 
a background in remote sensing and were comfortable interpreting 
landscape features from high resolution remote sensing imagery across 
the United States. They were also given the same training protocol 
as the crowd interpreters, which identified various features that were 
known to be difficult to interpret, such as shrubs and shadows, and 
provided guidance on their interpretation. In order to allow for in-
tercomparison between the interpretation behaviors of the crowd and 
control groups, we did not implement a more in-depth training protocol 
that resembled the comprehensive training used in many expert-driven 
photointerpretation studies. A consistent and rigorous training protocol 
for control and crowd interpreters could improve results going forward. 
Our control group had not visited the locations they were interpreting, 
and they interpreted plots across a broader region than the studies 
mentioned above. Our workers also did not interpret plots that were 
modeled to have 0% TCC based on the 2016 USFS Analytical Tree 
Canopy Cover product, which may have improved their level of agree-
ment. Finally, TCC is scale-dependent (Coulston et al., 2012, 2010). 
Though the definitions of tree and the photointerpretation methods 
that produced this dataset are similar to those for the original training 
data for the Forest Service Tree Canopy Cover model (United States De-
partment of Agriculture, Forest Service, 2019; Ruefnacht et al., 2022), 
the interpretations are performed using a 100-dot grid that covered a 
30 × 30 meter plot, as compared to the model’s training data which 
used a 109-dot grid over a 144 ft radius plot ( 6052 sq. m) (Ruefnacht 
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et al., 2022), while the resolution of the base imagery (NAIP) remained 
the same. This change could greatly impact all interpreters’ ability to 
resolve features across the landscape, and introduce measurement error 
and inconsistency in their interpretations.

This study found that crowd interpretations were generally unre-
liable with respect to control group interpretations. Visual inspection 
of various interpretations revealed that crowd workers had some diffi-
culty distinguishing trees from vegetated background, and identifying 
canopy gaps from shadows in dense canopy areas. Additionally, crowd 
workers appeared to have difficulty resolving separated tree crowns 
when they were situated among heavily vegetated shrublands. They 
also appeared to miss contextual cues which could be determined by 
zooming out from a plot to see other trees for comparison. This resulted 
in erroneously high TCC values interpreted in croplands and shrub-
lands. By contrast, crowd interpreters were successful when identifying 
trees with separated canopies on bare, un-vegetated soil.

It also appears that some workers clicked randomly and erratically, 
not following any pattern related to the vegetation on the landscape. 
For some individuals, scatter plots of their interpretations compared 
to control interpretations showed many of their interpretations fell 
between 10 and 30% TCC with no association with control inter-
pretations. Some scatter plots for individual workers show that 0% 
TCC interpretations were prevalent even when control group members 
interpreted high values of TCC, possibly an indication that they oc-
casionally submitted empty interpretations to increase their payout. 
Quality of crowd work has declined on Mechanical Turk in the last 
few years (Stokel-Walker, 2018; Moss and Litman, 2018). Starting in 
2018, research states that ‘‘troll’’ workers who provide ‘‘insincere’’ 
responses have become more prevalent on Mechanical Turk. Ahler, 
Roush, and Sood (2021) cited an increase in ‘‘untrustworthy’’ responses 
from 6%–13% in 2015 to 25% in 2018. These combined interpretations 
characterized by misrepresented location and ‘‘insincere’’ responses 
(Ahler et al., 2021). Another study by Chmielewski and Kucker (2019) 
performed a 4-wave survey data collection over the summer of 2018 
and used response-validity indicators to ensure the quality of responses. 
They showed that in waves 1 and 2, only 10.4% and 13.8% of respon-
dents were flagged. In wave 3, a notable decrease in crowd performance 
was identified with 62.0% of respondents flagged. This was reduced to 
38.2% in wave 4 (Chmielewski and Kucker, 2019).

We also looked at the standard deviation in crowd and control 
interpretations at each plot to understand the level of disagreement. 
Estimated mean standard deviation values is 16.8% for 2011 imagery 
and 16.4% for 2016 imagery for control interpreters. The standard 
deviation of crowd workers is higher, as expected, ranging between 
20.5–23.3% for different subsets of data and years. Between groups of 
workers there is very little agreement. The estimated correlation be-
tween crowd and control interpretations is 0.21 overall. By comparison, 
reliable crowd interpretations have an estimated correlation of 0.53 
with control interpretations (Table  2).

4.2. Crowd workers’ used the interface differently leading to different 
interpretations

Display characteristics proved to be a significant determinant of 
crowd interpretation reliability with respect to control interpretations. 
The second most important variable in our reliability model was the 
percentage of dots that were clicked using the false color composite 
and the third most important variable in our reliability model was the 
percentage of dots that were clicked using the natural color composite.

Since reliable interpretations and control interpretations were typ-
ically performed using the false color display, while crowd interpreta-
tions were perfomed using natural color, it is possible that the visible 
differences between the natural color imagery and the false color 
imagery led to the different interpretations of TCC at the same plots. 
In general, crowd workers underestimated areas where control inter-
preters indicated there should be high TCC. There are examples of this 
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sort of behavior in the literature, where inexperienced workers view 
shadows on other canopies as gaps to the ground (Avery 1969, page 
30) (Avery, 1969). The false color display, which uses the near infrared 
band to distinguish strong vegetation signatures, even in some cases 
when they are obstructed by shadow could have resulted in higher TCC 
values at plots with a lot of gaps and shadows. We see examples of this 
in this study as well (See Fig.  4).

While the false color display was provided to both crowd and 
control workers, and information regarding the usefulness of false 
color imagery for TCC interpretation was described in training, crowd 
workers rarely used the false color composite imagery. The natural 
color display was the default setting when a HIT was initiated, as 
we expected most people would be better acquainted with this view. 
In order to change the display, the map would need to be reloaded 
which would add time to the interpretation, so perhaps those workers 
who were motivated to work quickly chose to use the default display 
setting. Additionally, Campbell and Wynne (2011) suggest that the use 
of non-visible bands can be a source of confusion to non-expert inter-
preters (Campbell and Wynne, 2011). Thus it is possible that workers 
who provided the use of false color imagery is actually an indicator 
of an interpreter’s experience with photointerpretation. However, since 
false color and natural color imagery highlight different landscape 
characteristics, more consistent interpretations may have been obtained 
if all interpreters used the same display.

4.3. The reliability of crowd interpretations was impeded by extrinsic finan-
cial motivators

Fig.  3 demonstrates that crowd interpretations were systematically 
lower than control interpretations. Many of the HITs requested received 
one or more very low value interpretations as compared to the other 
assignments submitted by crowd workers and compared to the inter-
pretations submitted by control group members, as evidence by Fig.  7. 
Reliable crowd interpretations tended to have higher TCC values, with 
an average value that exceeded the control group’s average 5.

The structure of our HIT request and the incentive structure of 
crowdsourcing in general led to a dataset that was biased toward lower 
crowd TCC values. Our HIT only required workers to click on dots 
they identified as landing on tree canopies, and workers were paid 
for each assignment submitted without regard for the time invested. 
Crowdsourcing is commonly associated with task-defined payments 
rather than time-defined payments, so it follows that spending less time 
on task by submitting systematically lower interpretations would yield 
a higher wage.

The visible patterns in Fig.  7 may indicate different methods for 
reducing average time-on-task such as submitting a number of fully-
interpreted assignments followed by a few empty uninterpreted assign-
ments or clicking only a portion of the dots that landed on trees in each 
assignment. Patterns characterized by progressively lower TCC inter-
pretations or intermittent 0% TCC observations at a higher frequency 
than would be expected based on the distribution of the data were 
observed in several individual crowd workers’ interpretations, though 
they could also be explained by technical issues preventing the inter-
preter from visualizing the assignment or inexperience interpreting this 
type of imagery. These patterns may also indicate broader differences 
in the interpretation approach taken between crowd workers and the 
control group or possibly the effects of fatigue on crowd workers.

Assignments on Mechanical Turk are a no-sum game. They are 
usually distributed on a first-come, first-serve basis and the number 
of assignments available for a given HIT are finite. Thus working 
too slowly could reduce the number of HITs a worker has access to 
and, in turn, their potential earnings. The competition for available 
assignments incentivizes workers to work for many hours continuing 
through fatigue to ensure they had access to as many HITs as possible.

The literature related to crowdsourcing and photointerpretation 
suggests that fatigue is a strong indicator of worker performance (Van 
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Coillie et al. (2014), See et al. (2013), Szalma et al. (2006), Yu et al. 
(2015) and Parasuraman (1986) as referenced by Van Coillie et al. 
(2014)). In our study, the most important variable for determining plot 
reliability was the number of plots interpreted, which was our indicator 
of worker fatigue. Many workers show a sharp decline in TCC value and 
interpretation time with interpretation sequence (Figs.  7 and 4).

Fig.  7 demonstrates that, as a worker interprets more plots and 
stays on task longer, the more the value of their interpretations tends 
to diverge from control interpretations. The spread of the scatter plot 
widens as the number of plots interpreted increases likely due to the 
fact that substantially fewer workers interpreted a larger number of 
plots.

The fifth-most important variable in our reliability model was the 
number of HITs available. This variable was included in our assessment 
to get an understanding of how the potential earnings that workers 
had access to at a given point in time were affecting their attention 
to their interpretations. For workers on Mechanical Turk, the number 
of HITs available could be multiplied by the wage to get an estimate 
of potential earnings if a worker completed their assignments quickly 
enough to access all of the HITs in the request. Our study showed 
that reliable interpretations were often completed toward the end of 
a request when there were relatively few HITs available, and less 
competition to complete those HITs. High potential earnings for a HIT 
may create a motivation to move through HITs faster in order to get to 
the potential pay out before another worker.

Some of the time-money motivations mentioned here are further 
discussed in the literature related to Mechanical Turk. Rogstadius et al. 
(2011) demonstrates that intrinsic motivators can improve the quality 
of a crowdsourcing task and that extrinsic motivators (like financial 
incentives) could actually create a ‘‘crowding out’’ effect where work-
ers have less interest in tasks they are paid to perform (Rogstadius 
et al., 2011). Various methods have also been explored to improve 
quality and reduce the influence of workers who prioritize speed over 
quality (Eickhoff and de Vries, 2013; Eickhoff et al., 2012).

4.4. Recommended improvements

There are possible ways to improve this study for future work. The 
biggest improvement would be systematic quality control throughout 
the study. We performed thorough qualitative analysis on the first 
phase of interpretations, but the observed fatigue effects and time-
money motivation indicate that this study would have benefited from 
additional assessments at later stages of data collection. Requiring 
workers to review and certify their work using a visual inspection could 
also be helpful. Yu et al. (2014), suggest a combination of ‘‘social’’ 
and ‘‘learning strategies’’ to increase intrinsic motivation to incen-
tivize higher quality work and improve participant engagement (Yu 
et al., 2014). This means establishing a clear training goal or skill-
development outcome for crowd participants to work toward and also 
enabling a collaborative or social aspect to participation, such as a chat 
window or a way of comparing interpretations with other workers. 
Their findings show that learning strategies improved data quality 
while social strategies improved participant engagement.

Requiring workers to click every dot in a plot would encourage 
a more detailed evaluation. This recommendation is an example of 
a ‘‘defensive design’’ element, ensuring that ‘‘cheating’’ at the task is 
not easier than doing it well (Allahbakhsh et al., 2013). This could 
also ensure that workers spent more time on task, reducing the incen-
tive to speed through tasks prioritizing quantity over quality of HITs 
completed. The increased attention required per assignment could also 
reduce the likelihood of interpretations that do not follow the prompt, 
such as those where dots are randomly clicked without following the 
pattern in the image or empty interpretations submitted for images that 
are densely forested.

Payment should reflect time on task and a study should be con-
ducted to assess the required time using a group of non-expert inter-
preters. We underestimated the time it would take an untrained worker 
14 
to complete an interpretation in our study significantly, predicting that 
most interpretations could be completed in under 2 min. This time was 
estimated using a few complex examples from our control group, with 
the assumption that interpretation time would be significantly reduced 
in areas with sparse vegetation. Feedback from workers as well as the 
interpretation times reported in this study communicated that this pay-
ment was too low for a task of this complexity. While other studies (Yu 
et al., 2015; Mason and Watts, 2010; Buhrmester et al., 2011) suggest 
that wage does not have a strong influence on interpretation quality, 
efforts should be made to estimate a fair wage based on time required 
to complete reliable crowd interpretations if similar studies are to be 
attempted in the future. Mason and Watts (2010) study the effect of 
payment on crowd performance. They observed an ‘‘anchoring’’ effect 
where workers who were paid more perceived the value of their work 
to be greater and were therefore not more motivated than workers who 
were paid less for the same task. They showed that a quota system 
resulted in better work for less pay, which would be the best option 
if it could be operationalized (Mason and Watts, 2010). Additionally, 
based on workers’ comments, with a higher wage we might expect 
to see better retention of workers who were willing and motivated 
to spend time and perform high quality interpretations with a higher 
wage. In future endeavors it would be wise to perform a separate 
study using untrained workers to estimate the average time required 
for interpretation and in turn, payment.

Limiting the number of HITs a worker could complete before a 
new qualification or by releasing HITs in smaller groups could also 
overcome the motivation to speed through tasks since the number of 
HITs available would be smaller. This could also enable quality control 
on subsets of the data without long delays, reducing repercussions to 
the requester from negative online reviews about payment time. A 
smaller number of HITs requested per release would also result in more 
manageable file sizes for compiling and downloading data for analysis.

This study showed that most work was completed by crowd workers 
using the interface defaults. We recommend that a decision be made on 
best practices for interpretation, including both interpretation scale and 
display. These settings should be used in the interface as the default 
settings. This would create greater consistency between the conditions 
affecting interpretations across group, and could reduce the difference 
in interpretation values caused by inconsistent display settings .

Additionally, adding elements like further contextual information 
with LiDAR (Gatziolis, 2012; Ma et al., 2017; Smith et al., 2009) 
or intrinsic motivators like certifications (Allahbakhsh et al., 2013; 
Rotman et al., 2012; Goodchild, 2007) may be helpful in improving 
the reliability of interpretations.

Not all of the interpretations in this study were unreliable. It is clear 
that many workers on Mechanical Turk participate with the intention 
of providing good work and getting paid for it. Fig.  3 and Table  5 show 
clear separation between reliable and unreliable interpretations. Almost 
all of the workers provided some reliable interpretations, however, 
there is still a need for mechanisms to increase interpretation quality if 
crowdsourcing platforms are ever to be used operationally.

5. Conclusion

This study was aimed at identifying the factors that could predict 
whether an interpretation could be classified as reliable or unreliable 
and how those variables were related to reliability in order to make 
recommendations for future studies, both with regards to interface 
design and quality control.

We conclude that, while crowd workers are capable of measuring 
TCC using photointerpretation, agreement between interpreters was 
difficult to achieve, even among our control group. Factors that affect 
the agreement between crowd and control interpretations include fi-
nancial motivations, fatigue, and differences in the utilization of the 
user interface. In particular, our data show trends that indicate a 
priority for timely interpretations over high quality interpretations, 
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which is supported by the incentive structure of Mechanical Turk. 
The reliability of crowd interpretations also appears to be affected by 
the potential earnings a worker perceives, with reliable interpretations 
occurring more often when the number of HITs available (and therefore 
the potential payout) was lower. Fatigue effects were apparent as con-
sistency between crowd and control interpretations declined with the 
number of plots interpreted for crowd workers. Finally, crowd workers 
prioritized the default settings of our interface. Incidentally, these set-
tings included a natural color composite which may be more intuitive 
for an untrained crowd worker to interpret, but would likely have less 
available information compared to the false color composite, which was 
less commonly used. Differences in interpretations arise from both the 
display settings used and each worker’s level of experience interpreting 
color-infrared imagery and resolving differences between background 
and foreground in highly vegetated landscapes. These factors may have 
contributed to differences in quality and consistency among crowd 
workers compared to the control group.

The lack of consistency observed in this study demonstrates a need 
for higher quality control standards and more thorough training, both 
for photointerpreters with a known level of experience, and for those 
engaging in these activities through a crowdsourcing environment.

We have several recommendations in the event that this work were 
to be operationalized, utilizing crowd interpretations to obtain mea-
sures of TCC from photointerpretation. First, increased quality control 
measures could help identify and reduce interpretations that fail to 
follow the prompt, such as those where dots are randomly clicked 
without following the pattern in the image or empty interpretations 
submitted for images that have greater than 0% TCC. We suggest that 
workers be required to evaluate and click every dot in the grid rather 
than only clicking dots over tree canopies, reducing the likelihood 
of incomplete interpretations. Feedback from our crowdworkers also 
highlighted the need for a thorough analysis of required interpretation 
time for untrained workers to ensure payment is fair and reasonable. 
Limiting the number of HITs per worker and reducing the number of 
HITs in each request could mitigate some of the fatigue effects we 
observed and reduce the perception of competition and the potential 
earnings from a HIT. To make interpretations more consistent, the user 
interface should be set up so that the ideal interpretation environment 
is the default setting since most crowd workers did not change these 
settings. Additionally, more contextual information about each plot 
could be provided (in the form of LiDAR data or land cover classifi-
cations) to improve a user’s understanding of the landscape they are 
interpreting. Finally, incentives to reward high quality interpretation or 
quality contingent pricing (Wang et al., 2013) could yield better results.

While our models show promise in being able to distinguish be-
tween reliable and unreliable interpretations, the insights drawn from 
this study are aimed at improving our interface to yield better quality 
observations in future studies. Using models such as this one to filter 
interpretations or select preferred data would risk eliminating sincere 
interpretations or including erroneous data. The result would therefore 
be inappropriate for use in model validation or model training.

What is more, control interpreters did not agree perfectly with one 
another during this exercise, highlighting the subjective nature and 
innate challenges involved in the photointerpretation of TCC and the 
risk of using an imprecise benchmark to select crowd interpretations. 
This lack of precision highlights the need for caution in using pho-
tointerpreted TCC values for model training and validation if there are 
absent or unknown standards for training and consistency. These results 
additionally show that special consideration is needed, especially when 
multiple crowd interpreters are used to collect these observations at 
different sites, without overlap or ratings of interpretation difficulty.
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