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Abstract

This paper investigates the long-term consistency and reliability of paid geospatial crowdsourcing on the online platform
Microworkers.com. Over a five-month period, we conducted three crowdsourcing campaigns, each representing a task typical
for remote sensing, i.e., pixel classification, point selection, and geometric outline acquisition, to assess whether repeated worker
participation enhances data quality and reproducibility. Beyond individual task performance, we examine the broader question
of whether crowdsourcing campaigns can yield reproducible results over extended periods. Despite the large and heterogeneous
workforce of Microworkers.com, a substantial share of tasks was completed by recurring workers who consistently outperformed
one-time participants. Furthermore, across all campaigns, data quality remained largely stable, with only minor variability between
epochs. Additionally performed statistical analyses confirm that reproducible outcomes are achievable, highlighting the potential
of reliable and reproducible crowdsourcing results for geospatial data acquisition.

1. Introduction

Whereas voluntary crowdsourcing remains an essential tech-
nique to leverage the knowledge of a large amount of vo-
lunteers (Estellés-Arolas, 2022), paid crowdsourcing has be-
come more and more popular in recent years (Karachiwalla
and Pinkow, 2021), partly driven by the rise of machine learn-
ing (Zhang, 2022), where paid crowdsourcing is used to collect
large amounts of training data. Crowdsourcing is found across
different research fields (Lenart-Gansiniec et al., 2023), and,
as a result, is used for different applications, with natural lan-
guage processing and medical applications being prominent ex-
amples (Sabou et al., 2012, Wazny, 2018). Possible applications
in the field of remote sensing range from simple tasks such as
pixel classifications (Saralioglu and Gungor, 2022) to complex
implementations including active learning architectures (Sayin
etal., 2021), which can be adapted to various different domains
and types of geodata.

However, data quality remains a persistent issue in paid crowd-
sourcing (Kobayashi et al., 2022). One reason is the predom-
inantly externally incentivized nature of tasks in paid crowd-
sourcing (Hossain, 2012), which diminishes intrinsic motiva-
tion, affects quality (Chandler et al., 2013), and makes the im-
plementation of anti-spam measures necessary (Zheng et al.,
2017). Malevolent users, such as trolls or spammers, may how-
ever circumvent such measures (Zhu and Carterette, 2010), res-
ulting in compromised data. Since spammers can account for
up to 45% of contributors (Vuurens et al., 2011), truth infer-
ence techniques are often employed as data-quality enhance-
ment strategies (Cui et al., 2021). Potential approaches to truth
inference analyze and model submissions either at the task level
or at the worker level (Zheng et al., 2017). In task model-
ing, a difficulty level is assigned to the task itself, enabling
the estimation of the probability that it can be solved success-
fully. Worker modeling, in contrast, aims to characterize the
type of individual crowdworker, as different worker character-
istics lead to different effects on the quality of their contri-
butions (Chandler et al., 2013). Subsequently, task modeling
alone is not sufficient as a truth inference method in most cases,

and worker modeling should be included as well for best out-
comes (Zheng et al., 2017). In detail, such worker modeling
assigns a quality parameter to a worker that represents the abil-
ity of the respective worker to solve a specific task. This prob-
ability can be estimated through different techniques, includ-
ing straightforward approaches like a scalar probability value or
more intricate methods such as worker bias and variance mod-
eling (Zheng et al., 2017). Whereas many of these approaches
partly rely on techniques like qualification tasks and hidden
tests, the most reliable assumptions about worker quality can
be made if a sufficient number of tasks were performed by the
same worker, e.g., over 20 tasks per individual (Zheng et al.,
2017), as workers tend to deliver consistent results (Williams et
al., 2017). This rather large number, however, might be hard to
achieve in a real-world scenario: typical for paid crowdsourcing
is the use of crowdsourcing platforms, which facilitate user ac-
quisition, payment, and other administrative tasks (Hirth et al.,
2011). However, these crowdsourcing platforms often pride
themselves on a large number of registered workers, such as
the almost 4,000,000 users on Microworkers.com (Microwork-
ers.com, 2024). While such scale suggests crowd heterogen-
eity due to varying levels of experience, know-how and motiva-
tion (Hirth et al., 2011), this large number also indicates a rather
slim chance to reach higher levels of redundancy for the same
worker over the span of multiple campaigns or a larger time-
frame in general, and subsequently questioning the potential of
worker modeling. This anticipated low redundancy per worker
could not only impede truth inference, but also raises questions
in terms of reproducibility and repeatability, if a crowdsourcing
campaign is repeated at a later point in time.

Previous research showed that repeatability could be achieved
for classification campaigns that were started in a weekly inter-
val (Qarout et al., 2019). However, in that approach, workers
were only allowed to participate in a single crowdsourcing cam-
paign, effectively blocking users from participating a second
time. As a result, a different crowd was used for every cam-
paign, thereby impeding truth inference through worker mod-
eling. Allowing workers to participate in multiple campaigns
over several months therefore does not only enable truth infer-
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ence through recurring participation, but also closely emulates
the dynamics of real-world crowdsourcing campaigns, where
typically no pre-selection or filtering of workers is performed.
Not restricting the user base might allow us to observe natural
variations in participation, performance, and data quality over
time, thereby providing a realistic assessment of reproducibil-
ity under authentic conditions. However, it remains uncertain
whether a consistency in results can be achieved. Will there
be recurring workers for some campaigns, or even every cam-
paign? If so, how many? And will their results be consistent
across the different epochs and campaigns? Will the overall
task quality remain reproducible? We address these questions
in this paper, aiming to evaluate the potential for consistent and
reliable outcomes in paid geospatial crowdsourcing.

2. Methodology

To address the aforementioned questions, i.e., whether con-
sistent and reproducible results can be achieved in paid geo-
spatial crowdsourcing, we conducted a long-term study on the
platform Microworkers.com. The study was designed to ex-
amine how worker participation, retention, and task perform-
ance evolve over time. To this end, we launched three separ-
ate crowdsourcing campaigns with varying levels of difficulty
in a monthly interval. Each crowd campaign represents a task
typical for applications in remote sensing: a pixel classifica-
tion task (Campaign A), the selection of a target point in an
orthophoto (Campaign B), and the acquisition of geometric out-
lines (Campaign C). The campaigns were selected to represent
complementary remote-sensing task types while using unam-
biguous imagery to focus the analysis on temporal stability and
worker effects rather than scene difficulty. The setup of each
campaign is described in detail in the following sections.

2.1 Campaign A - Pixel Classification

The first campaign comprises a straightforward pixel classific-
ation task using aerial imagery. Individual pixels belonging
to specific object classes were highlighted, and workers were
asked to assign each pixel to the correct class via selection from
a predefined set of classes. Figure 1 illustrates the graphical
user interface (GUI) used for all classification tasks: a red ar-
row indicates the pixel to be classified, the available classes are
displayed as radio-button options on the right-hand side. Each
job included five independent classification tasks.

Choose a sutable ciass

Figure 1. Interface of the pixel classification task with the red
arrow indicating the highlighted pixel.

2.2 Campaign B - Point Selection

The second campaign was designed to evaluate the geometric
accuracy of worker inputs. In this task, participants were in-
structed to precisely mark the center of a checkerboard, similar
to those used in photogrammetric applications. Figure 2 shows
the GUI used for this campaign, with a checkerboard clearly
visible. The center point can be placed via simply clicking, and
confirmed by using the ”Next” button on the right-hand side. If
necessary, the point can be removed using the ”Clear” button.
To discourage automated or malicious behavior, the checker-
boards were randomly positioned away from the image center.
Each crowdsourcing job includes the processing of four check-
erboards.

Figure 2. Interface of the geometric accuracy task displaying the
checkerboard and point selection controls.

2.3 Campaign C - Polygon Acquisition

The third campaign involved a more complex task compared to
the previous ones, combining both semantic and geometric ac-
curacy. In this task, workers are asked to precisely collect tree
outlines in orthoimages via polygons. Figure 3 shows the GUI
used for this task, including an example of an already acquired
tree outline. Polygon vertices can be added by clicking on the
image and can be removed using the "Undo” or ”Clear” buttons
on the right-hand side. Clicking the "Next” button advances to
the next tree that needs to be processed. In total, each crowd-
sourcing job required the acquisition of three such tree outlines.

Figure 3. Interface of the geometric acquisition task displaying a
tree outline and polygon editing controls.
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2.4 Campaign Parameters

Each campaign was conducted during every epoch, for a total of
five epochs. To ensure consistent conditions across all epochs,
all campaign parameters, including salary and starting time,
were kept identical. The campaigns were publicly posted, and
participation was open to all workers without invitation or pre-
selection. The time interval between the start of each epoch was
set to one month, resulting in a total of five epochs that were
conducted between November 2023 and March 2024. This ap-
proach not only differs significantly from the five-week study
by (Qarout et al., 2019), allowing for verification of their res-
ults on a five-month basis, but also allows for an analysis over
a longer time period. This timeframe allows for an analysis
of short- to medium-term trends that might not be evident in a
shorter study.

Each campaign was conducted 50 times per epoch, leading to a
total of 150 jobs per epoch over all three campaigns. Given that
each job consists of either five classifications, four point selec-
tions of checkerboard centers, or the acquisition of three geo-
metries, a total of 250 classifications, 200 checkerboard centers,
and 150 tree outline geometries were collected per epoch. Each
job was compensated with $0.08, resulting in total costs of $12
plus fees per epoch. All users registered on Microworkers.com
were eligible to participate in the study, with no prior qualifica-
tion tests or filtering based on specific characteristics or demo-
graphics, reflecting the open participation conditions typical of
large-scale crowdsourcing applications.

3. Worker Retention

We are interested in potential fluctuations within the workforce,
which can be measured by analyzing worker retention across all
five epochs. For this purpose, we define a recurring worker as
a user who participates in a campaign after having already par-
ticipated in any campaign during a previous epoch. Within an
epoch, we do not distinguish between individual campaigns, but
rather analyze retention at the epoch level. Users can choose to
participate in one, two, or all three campaigns within an epoch,
which may result in varying levels of engagement. This ap-
proach enables us to capture overall retention trends without
being affected by individual variations in campaign particip-
ation, as users may have different task preferences or may
choose not to participate in certain campaigns for various reas-
ons. Moreover, focusing on the epoch level emphasizes the as-
sessment of general long-term worker retention.

According to this definition, a worker can be a new worker in
only one epoch and a recurring worker in up to four epochs.
Table 1 presents both the absolute and relative numbers of new
and recurring workers for all five epochs. The total number of
NW can be calculated by summing the values across all epochs.

Epoch | NW [ NW (%) | RW | RW(%) 3 Jobs
1 121 100.0 0 0.0 121 | 150
2 101 84.9 18 15.1 119 | 150
3 94 73.4 34 26.6 128 | 150
4 76 60.8 49 39.2 125 | 150
5 69 52.3 63 47.7 132 | 150

Table 1. New workers (NW) and recurring workers (RW) per
epoch.

As shown in Table 1, the number of new workers decreases
while the number of recurring workers increases with each suc-
cessive epoch. Although this finding may seem intuitive, it

is noteworthy in the context of the vast scale of Microwork-
ers.com: despite the large and heterogeneous user base, we ob-
serve a steady influx of recurring workers, indicating a consist-
ent core group of participants. This trend is further illustrated in
Figure 4, which also includes the total number of unique work-
ers, shown in green.
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Figure 4. New workers and recurring workers per epoch.

However, Table 1 and Figure 4 only consider whether a worker
has participated in a campaign before, without providing fur-
ther detail on participation patterns across epochs. For instance,
both a worker who took part in two epochs and one who parti-
cipated in all five epochs are classified as recurring, even though
their overall level of participation differs substantially. Con-
sequently, this aggregation leads to a certain loss of granularity
when analyzing worker retention over time. To address this,
we compared user participation on a per-epoch basis, thereby
examining how many workers from each epoch continued to
contribute in subsequent ones. Figure 5 visualizes these results,
offering a more detailed view of worker retention dynamics.
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Figure 5. Worker retention across epochs. Epoch 5 is not
visualized since only one data point would be included.
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As can be seen in Figure 5, for Epoch 1, around 15% of the
workers also participated in Epoch 2, and approximately 17%
of Epoch 1 participants joined Epoch 3. Interestingly, the re-
tention rate increases in the higher epochs. While only 15% of
Epoch 1 workers participated in Epoch 2, over 20% of Epoch 2
workers continued into Epoch 3. By Epoch 3, this rate rises
to around 27%, reaching a peak of about 34% for Epoch 4.
This upward trend indicates the formation of a stable core of re-
curring workers who regularly contribute across multiple cam-
paigns. Although the exact reasons for this pattern remain un-
certain, it highlights a notable level of engagement and con-
tinuity within the workforce. However, Figures 4 and 5 do not
show how many workers participated in one, two, three, four, or
all five epochs overall. These cumulative results are therefore
summarized in Table 2.

Number of Epochs | Workers | [%]
1 357 77.4
2 63 13.7
3 27 5.9
4 9 1.9
5 5 1.1

Table 2. Cumulative worker participation for all epochs.

As Table 2 highlights, the vast majority, around 77%, of work-
ers participated in only a single epoch. However, this also
means that approximately 1 out of 4 workers participated in
more than one campaign, reinforcing the earlier suggestion of
a strong core user base. Additionally, about 1 in 11 workers
participated in three or more epochs, showing a varied level of
engagement among the workforce, with a small but significant
proportion demonstrating consistent participation. In summary,
despite the enormous number of registered users on Microwork-
ers.com, a notable retention rate of 15% to 34% of crowd work-
ers participating in successive campaigns was observed.

Still, beyond participation trends, we also examined whether
these recurring workers deliver higher-quality results than one-
time participants. For this analysis, we compared workers who
contributed in only one epoch to those who contributed across
multiple epochs, using task-specific quality metrics: overall
classification accuracy (Campaign A), Euclidean distance to
the reference point (Campaign B), and intersection over union
(IoU) (Campaign C). The results are summarized in the follow-
ing Table 3.

No. Epochs | Mean Acc. | Mean Dist. [pix] | Mean IoU
1 0.58 9.33 0.80
2 0.60 5.63 0.83
3 0.71 2.35 0.92
4 1.00 1.79 0.84
5 n.a. n.a. 0.77

Table 3. Mean accuracy, mean distance, and mean IoU for
recurring workers across multiple participations.

As shown in Table 3, workers who participated in multiple
epochs demonstrated improved performance across both ac-
curacy and distance metrics. Mean accuracy increased from
0.58 for single-epoch participants to 1.00 for those involved in
four epochs, while mean distance decreased from 9.33 to 1.79
pixels, indicating enhanced precision. The mean loU, however,
showed a less consistent pattern: it improved from 0.80 for
single-epoch participants to 0.92 for those in three epochs, but
declined slightly thereafter. This fluctuation likely results from
the small sample sizes in the fourth and fifth epochs (1.95% and

1.08% of all workers), and these values should therefore be in-
terpreted with caution. The relatively large mean distances are
also influenced by outliers that were potentially caused by mali-
cious workers or spammers, as extreme values skew this metric;
thus, later analyses focus on median values instead of means.

Overall, better performance can be observed for workers who
participated in multiple campaigns compared to those who par-
ticipated in only a single campaign. This improvement could
suggest a learning or habituation effect, where recurring work-
ers become more familiar with the tasks and interfaces, or
simply develop routine over time, as could also be observed
in earlier studies (Walter et al., 2022). However, it may also
reflect higher motivation among consistently engaged workers.
Further research would be needed to distinguish between these
effects.

4. Worker and Task Quality

To assess the reproducibility of crowdsourcing results, both
worker-level performance and overall task quality were ana-
lyzed jointly. While worker quality provides insight into in-
dividual consistency, task-level results allow evaluation of the
collective reproducibility across epochs. The following subsec-
tions summarize these aspects for each of the three campaigns.

4.1 Campaign A - Pixel Classification

The overall accuracy (OA) of all performed classifications is
illustrated in Figure 6 for all 5 epochs. Furthermore visible
are the proportions of both high- and low-performing workers.
Low- and high-performing workers are directly defined from
the results over all 5 epochs, where, on average, workers cor-
rectly solved around 2.5 of the 5 classifications. Users with four
or five correct classifications are counted as high-performing
workers, whereas those with only one or zero correct classific-
ations are counted as low-performing workers.
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Figure 6. OA in comparison with low-performing &
high-performing workers for Campaign A.

As shown in Figure 6, the OA reaches its peak at epoch 2
with approximately 57.64% and its lowest point at epoch 3
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with around 47.3%, which appears to be an outlier both in
terms of overall accuracy as well as the larger proportion of
low-performing workers. No structural changes in task design
or campaign parameters occurred in Epoch 3, suggesting that
the deviation is most likely attributable to workforce compos-
ition effects. The mean OA across all epochs is about 53.7%,
which implicitly supports the previous finding that each worker
provides roughly 2.5 correct classifications on average. The
proportion of low-performing workers remains relatively stable
between 20% and 24%, except for epoch 3, where it rises
to around 34%. According to an experiment by (Vuurens et
al., 2011), approximately 55% of crowdworkers are so-called
proper workers, with about 15% being either sloppy workers
or semi-random spammers, and 30% being random or uni-
form spammers. These numbers confirm our findings on low-
performing workers as follows: In our scenario, we have 5 clas-
sifications with 11 possible classes. Random guessing would
result in an expected number of correct classifications of % =
0.455. Hence, a random spammer would be categorized as a
low-performing worker.

A semi-random spammer typically tries to evade spam detec-
tion by providing some correct answers. If we assume a semi-
random spammer gives two correct answers out of five clas-
sifications and randomly selects the remaining three, the ex-
pected number of correct classifications is 2 + 1—31 ~ 2.272.
Therefore, semi-random spammers are not considered low-
performing workers but rather average-performing ones. The
same reasoning applies to sloppy workers. Uniform spam-
mers usually select one primary label to vote for. In our case,
this leads to an expected number of correct classifications of
% ~ 0.455, even when they occasionally switch labels. Con-
sequently, uniform spammers are classified as low-performing
workers. Given these statistical implications, we can infer that
both random spammers and semi-random spammers are part of
our low-performing worker group. According to (Vuurens et
al., 2011), these two groups constitute 30%. This aligns with
our experimental results, where low-performing workers com-
prise between 20% and 34%.

What cannot be confirmed at first glance through our research,
however, is the relatively large number of proper workers.
While we achieve around 30% of high-performing workers on
average across all 5 epochs, (Vuurens et al., 2011) reported
much higher numbers at 55%. However, in that study, an av-
erage precision of 0.75 was achieved. In our straightforward
case, where only correct classifications are counted, precision
and overall accuracy describe the same metric. Our previous
definition of high-performing workers includes only those with
4 or 5 correct answers, leading to an accuracy and precision of
0.8 or 1 per worker, respectively. Therefore, to achieve a sim-
ilar precision, workers with 3 correct answers and thus a preci-
sion of 0.6 also need to be included. When including workers
with 3 or more correct answers, the proportion ranges between
44.1% and 60.9%, with a mean value of 53.7%, thereby directly
confirming the numbers of (Vuurens et al., 2011), i.e., 55%,
as well. In summary, previous findings for classifications can
be confirmed, and the proportions of high- and low-performing
workers remained mostly the same throughout all epochs, with
the exception of Epoch 3.

These individual worker trends are also reflected at the task
level, where aggregated results show similar patterns of stability
and variation across epochs. Each job consisted of five classific-
ations, with 50 jobs performed per epoch, resulting in a total of
250 classifications per epoch. All workers completed the same

set of tasks, yielding the OA values shown in Table 4. Follow-
ing the earlier argument regarding outliers, median values are
reported instead of means for the number of correct answers.
As the table indicates, the median number of correct classifica-
tions remained constant at three across all epochs.

Epoch | OA | Median CA
1 0.54 3
2 0.58 3
3 0.47 3
4 0.57 3
5 0.53 3

Table 4. Overall accuracy (OA) and median of correct answers
(CA) per epoch.

A consistent median and overall moderate OA values between
0.47 and 0.58 are observed, both indicating generally stable res-
ults. If Epoch 3 is omitted, the remaining OA values, ranging
from 0.53 to 0.58, suggest an even more stable overall accur-
acy. A visualization of the changes in overall accuracy is also
provided in Figure 6. Based on the low OA values, it can be
concluded that this type of pixel classification is challenging
for most crowdworkers and may require further refinement to
improve accuracy.

4.2 Campaign B - Point Selection

A direct comparison with the previously discussed study
by (Vuurens et al., 2011) is not possible for the geometric case,
but similar proportions in terms of high- or low-performing
tasks are expected. Spammers are much easier to detect in

this type of task: while a random spammer had a X chance

of guessing correctly in a classification task, the likéllihood of
clicking the center of a checkerboard (or within a few pixels of
it) by blind spamming approaches zero. Therefore, we define
workers with a click distance from the reference greater than
five pixels as spammers. It should be noted that while this
threshold may seem arbitrary, it is justified by the median val-
ues around two pixels, as can be seen later. Furthermore, we are
more interested in the overall trends and relative changes across
epochs in terms instead of absolute numbers, which are inde-
pendent of the absolute chosen thresholds. Workers were asked
to perform four checkerboard center clicks, and we define low-
performing workers as those who had at least one of their four
acquisitions marked as spam, i.e., with a distance greater than 5
pixels from the reference. High-performing workers are defined
as those whose four acquisitions fall within the interquartile
range (IQR), with none outside the IQR. The remaining work-
ers are considered average-performing. Table 5 highlights the
change in the proportions of high- and low-performing workers
over the epochs.

Epoch | Low Performance (%) | High Performance (%)
1 29.4 58.8
2 345 55.2
3 34.0 54.7
4 27.5 54.9
5 44.1 40.7

Table 5. Proportions of low-performing and high-performing
workers for Campaign B.

As shown in Table 5, both proportions remain relatively stable
across the first four epochs. However, Epoch 5 stands out
as an outlier, where more low-performing workers than high-
performing workers are observed. It should be noted, however,
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that this does not necessarily equate to a decline in task qual-
ity, as a worker with a single acquisition outside the IQR is no
longer considered high-performing, even if the other three ac-
quisitions are perfect. These individual worker trends are also
reflected at the task level, where aggregated results reveal sim-
ilar patterns of consistency across epochs. Each job consisted
of four checkerboard acquisitions, with 50 jobs executed per
epoch, resulting in a total of 200 points per epoch. The quality
of each click was measured by its Euclidean distance to the ref-
erence center point, which served as the ground truth. Median
values were used instead of means to reduce the influence of
outliers. The resulting distributions for all epochs are shown in
Figure 7 as boxplots.

____________________{

Distance [pix]

Epoch 1 Epoch 2 Epoch 3 Epoch 4 Epoch 5

Figure 7. Boxplots of Euclidean distances for every epoch.

As Figure 7 illustrates, worker performance across all epochs is
remarkably consistent. The median values are nearly identical,
and the IQR share the same lower limits, with only slight vari-
ations in the upper limits, up to a single pixel between Epochs 4
and 5. These minimal variations highlight the strong reprodu-
cibility of this geometric accuracy task, especially when com-
pared to the pixel classification task, which yielded more vari-
able results.

4.3 Campaign C - Polygon Acquisition

Campaign C involved the acquisition of geometric outlines of
three trees in airborne imagery, thereby combining aspects of
the previous campaigns. Since reference data are available, the
evaluation is performed by calculating the IoU between the ac-
quired geometries and the reference shapes, effectively describ-
ing the similarity of the two shapes. The same argumentation
as in the previous section applies here. Spammers can be rather
easily detected, since IoU values, which serve as the measure of
quality, penalize random points with low quality values. Given
the nature of the task, which required the acquisition of precise
geometric outlines, the identification of low-performing work-
ers was straightforward: workers, whose polygons consistently
produced an IoU of less than 0.5 for all three acquisitions, were
classified as low-performing, reflecting significant deviations
from the reference shapes. Conversely, workers were classi-
fied as high-performing if their polygons consistently achieved

an IoU of 0.9 or higher across all tasks within an epoch. This
threshold was set deliberately high to ensure that only those
workers who closely replicated the reference shapes with high
precision were actually recognized as high-performing. Still,
the previous argumentation also applies here, as we are more
interested in relative changes than in absolute numbers, making
the choice of threshold values less impactful. Workers who did
not meet the criteria for either low or high performance were
considered average-performing. Table 6 lists the proportions
of high- and low-performing workers across the five epochs of
Campaign C.

Epoch | Low Performance (%) | High Performance (%)
1 19.2 35.6
2 12.7 36.7
3 14.0 48.8
4 15.9 37.8
5 10.0 30.0

Table 6. Proportions of low-performing and high-performing
workers for Campaign C.

As can be seen from Table 6, the proportions of high- and low-
performing workers again varied slightly across the epochs,
reflecting minor fluctuations in worker quality over time.
Notably, Epoch 3 exhibited the highest proportion of high-
performing workers, suggesting a peak in worker accuracy dur-
ing this period. Interestingly, the proportion of low-performing
workers remains relatively constant, even during Epoch 3.
However, in Epoch 5, we observe a decline in both low- and
high-performing workers. These individual worker trends are
also reflected at the task level, where aggregated IoU results
demonstrate similar stability across the different epochs. As
each job consisted of the acquisition of three tree outlines, and
with 50 jobs executed per epoch, this resulted in a total of 150
geometries per epoch. The distributions of the underlying IoU
values for all the acquisitions of each epoch are shown in Fig-
ure 8, again in the form of boxplots.
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Figure 8. Boxplots of IoU values between reference and worker
acquisitions for all epochs.

Figure 8 indicates a consistently high quality of results, with
median IoU values exceeding 0.9 in all epochs. Differences
in median values are most pronounced in the Epoch 5, ac-
companied by a generally larger IQR and whiskers extending
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up to 1.5 times the IQR, thereby indicating slightly greater vari-
ability. Still, despite these variations, the overall results confirm
that the geometric acquisition task yields results of high quality
across all five epochs.

5. Statistical Analysis

As demonstrated in the previous sections, the results for Cam-
paign C closely align with those of Campaign B, both of which
outperformed Campaign A. However, the primary objective of
this research is not to compare task types but to assess whether
the results obtained across different epochs are statistically re-
producible. To this end, a comparative statistical analysis was
performed using the Mann—Whitney U test. In essence, the test
assesses whether two independent samples originate from the
same underlying distribution, as will be described in the fol-
lowing.

5.1 Methodology

To evaluate whether the distributions of overall accuracy (Cam-
paign A), geometric distance (Campaign B), and IoU (Cam-
paign C) differed significantly between epochs, we applied the
Mann—Whitney U test (Mann and Whitney, 1947, Nachar et al.,
2008, MacFarland and Yates, 2016). This test was selected be-
cause it is non-parametric and does not assume an underlying
normal distribution. While the data were likely close to normal,
this could not be guaranteed; therefore, the Mann—Whitney U
test was preferred as it remains valid regardless of distribution
shape. This test compares two independent samples to assess
whether they originate from the same distribution, thereby mak-
ing it suitable for evaluating reproducibility rather than mean
differences. Pairwise comparisons were performed between
all epoch combinations (7, j) for each campaign, with the null
hypothesis Hy stating that both distributions are statistically
identical. The significance level was set to « = 0.05, rep-
resenting a relatively strict threshold for significance. A more
lenient level could have been chosen, however, the 5% limit
ensures a deliberately conservative interpretation of statistical
differences. Although no normality was assumed for the data
itself, the large sample sizes per epoch (150, 200, and 250 ob-
servations) allow the sampling distribution of the U statistic to
be approximated by a normal distribution, providing a reliable
basis for inference. Because some workers participated in mul-
tiple epochs, observations may not be fully independent across
comparisons; the Mann-Whitney U test is therefore interpreted
at the epoch-distribution level. Consequently, the test results
assess distributional stability between epochs rather than indi-
vidual worker changes.

5.2 Results

The Mann—Whitney U test results for all campaigns are sum-
marized in Table 7. Across all three campaigns, only three
out of thirty pairwise comparisons showed statistically signi-
ficant differences at o = 0.05. These findings indicate that the
distributions of quality metrics remained largely stable across
epochs, supporting the reproducibility of results.

To go a little more into detail, for Campaign A, signific-
ant differences were found between Epochs 2 and 3 as well
as between Epochs 3 and 4, suggesting temporary instability
centered around Epoch 3, making Epoch 3 an outlier. This ob-
servation is consistent with the lower OA reported earlier in
Section 4.1. Campaign B showed no significant differences

CEPOCh.S “ 12 13 14 15 23

ampaign |
A 0387 0.055 0579 0.701 0.006
B 0.995 0358 0.334 0.601 0.362
C 0.113 0.038 0.190 0.661 0.607

Epochs —

Calinpaign 1| 24 2,5 34 3,5 45
A 0771 0216 0.017 0.125 0.356
B 0335 0.594 0972 0.180 0.151
C 0.741 0372 0426 0.165 0.603

Table 7. Pairwise Mann—Whitney U test p-values across all
campaigns and epochs. Bold values indicate statistically
significant differences (o = 0.05).

across any epoch combinations, with p-values consistently high
(up to 0.972). This confirms the temporal consistency and re-
producibility of this simpler geometric task. In Campaign C,
only Epochs 1 and 3 showed a significant difference, consistent
with minor variations observed earlier in the IoU distributions
(Figure 8). All other pairs were statistically indistinguishable,
indicating strong stability and thereby reproducibility across the
complete study period spanning over five months.

6. Limitations

Despite the thorough and systematic evaluations presented, cer-
tain limitations of this study must be acknowledged. First, the
analysis was conducted exclusively on the Microworkers.com
platform, which may limit the generalizability of the findings
to other crowdsourcing platforms. Different platforms vary in
demographics, task presentation, and incentive structures, all of
which can influence worker behavior and task outcomes. Con-
sequently, the observed levels of consistency and reproducibil-
ity may not completely transfer to other platforms or contexts.

Second, the study incorporated three campaigns representing
distinct task types: classification, point selection, and geomet-
ric outline acquisition. Although these tasks reflect common re-
mote sensing applications, their differing levels of complexity
and, as a result, cognitive demand may have led to variations in
worker accuracy and efficiency. This variability may complic-
ate direct cross-task comparisons and limit the generalization of
findings beyond the examined task set. Furthermore, the overall
sample size could be increased to further strengthen the gener-
alizability of the findings.

Lastly, it remains uncertain whether the performance improve-
ments observed among recurring workers can be attributed to
temporal effects such as seasonal variations, a training effect
resulting from repeated participation, or to a subset of workers
who are inherently more motivated and engaged. Future re-
search could benefit from experimental designs that isolate the
effects of learning from those of worker motivation, providing
a clearer insight into the mechanisms behind performance en-
hancements.

7. Summary & Conclusion

This study investigated the consistency and reproducibility of
paid geospatial crowdsourcing through a five-month experiment
on the platform Microworkers.com. Three task types represent-
ative of remote sensing were examined: classification (Cam-
paign A), point selection (Campaign B), and polygon acquisi-
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tion (Campaign C), thereby examining both quality as well as
workforce in terms of reproducibility.

Despite the platform’s large and diverse user base, a substantial
proportion of recurring workers was observed, with only around
52% new workers by Epoch 5. The overall retention rate was
approximately 23%, indicating that nearly a quarter of workers
participated in at least two different epochs. Recurring work-
ers generally outperformed those who participated in only one
epoch. To evaluate changes in performance over time, work-
ers were classified into low- and high-performing groups. The
proportions of these groups remained relatively stable across
epochs, with notable exceptions in Epoch 3 for the classifica-
tion task and Epoch 5 for the geometric acquisition task.

The proportions of high- and low-performing workers were also
reflected in the overall task quality, with certain epochs show-
ing slightly lower quality. To evaluate potential reproducibility,
statistical testing using the Mann-Whitney U test was conduc-
ted, confirming the previous findings and identifying specific
outlier epochs. Out of 30 pairwise comparisons, only three yiel-
ded statistically significant differences (o = 0.05): two in the
classification task and one in the polygon acquisition task. The
geometric point selection task, in contrast, showed no signific-
ant variation across epochs.

In conclusion, the consistency of results across epochs re-
mained high, with only a few exceptions, regardless of the
rather high worker retention rate. Overall, these results indicate
that, despite worker retention effects and task variability, the
crowd remained remarkably consistent; thereby providing an
affirmative answer to the leading question posed in this study:
How consistent is the crowd?
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