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Abstract
1. The estimation of population size and its variation across space and time largely 

relies on counts of individuals, generally carried out within spatial units such as 
quadrats or sites. Missing individuals during counting (i.e. imperfect detection) 
results in biased estimates of population size and trends. Imperfect detection has 
been shown to be the rule in animal studies, and most studies now correct for this 
bias by estimating detection probability. Yet this correction remains exceptional 
in plant studies, suggesting that most plant ecologists implicitly assume that all 
individuals are always detected.

2. To assess if this assumption is valid, we conducted a field experiment to estimate 
individual detection probability in plant counts conducted in 1 × 1 m quadrats. 
We selected 30 herbaceous plant species along a gradient of conspicuousness 
at 24 sites along a gradient of habitat closure, and asked groups of observers to 
count individuals in 10 quadrats using three counting methods requiring progres-
sively increasing times to complete (quick count, unlimited count and cell count). 
In total, 158 participants took part in the experiment, allowing an analysis of the 
results of 5024 counts.

3. Over all field sessions, no observer succeeded in detecting all the individuals in 
the 10 quadrats. The mean detection rate was 0.44 (ranging from 0.11 to 0.82) for 
the quick count, 0.59 for the unlimited count (range 0.18– 0.87) and 0.74 for the 
cell count (range 0.46– 0.94).

4. Detection probability increased with the conspicuousness of the target species 
and decreased with the density of individuals and habitat closure. The observer's 
experience in botany had little effect on detection probability, whereas detection 
was strongly affected by the time observers spent counting. Yet although the 
more time- consuming methods increased detection probability, none achieved 
perfect detection, nor did they reduce the effect on detection probability of the 
variables we measured.

5. Synthesis. Our results show that detection is imperfect and highly heterogeneous 
when counting plants. To avoid biased estimates when assessing the size, tem-
poral or spatial trends of plant populations, plant ecologists should use methods 
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1 | INTRODUC TION

Population size and the variability of population size over time and 
space are of central importance in ecology and conservation. These 
parameters are required to understand ecosystem dynamics (Ripple 
& Beschta, 2012; Watson & Estes, 2011), assess population viability 
(Dennis et al., 1991) and trigger conservation policies and actions 
(e.g. IUCN Standards and Petitions Committee, 2019). Population 
size estimates largely rely on counts of individuals, generally made 
in spatial units such as quadrats or sites (Elphick, 2008; Yoccoz 
et al., 2001). Therefore, the accuracy of these counts is crucial, as 
counting errors would result in biased estimates of population sizes 
and trends.

When carrying out counts, observers can miss some individuals, 
in effect counting fewer individuals than were present in the sam-
pling units. This phenomenon of imperfect detection, well known in 
animal studies, leads to underestimating population sizes (Williams 
et al., 2002). If detection is imperfect but constant over time and 
space, raw counts can provide unbiased estimates of population 
trends or spatial variation (Yoccoz et al., 2001). However, if detec-
tion varies over time (e.g. across the sampling season or between 
years) or space (e.g. between habitats), the raw differences between 
counts performed at different sampling sessions or in different 
sampling units are a mixture of differences in abundance and de-
tection (Kéry et al., 2009). For example, a decrease in population 
size over the years may be hidden as observers improve their ability 
to detect individuals over time (Kendall et al., 1996). Or one might 
conclude that there are fewer individuals in closed than in open hab-
itats because they are harder to detect in closed habitats (Buckland 
et al., 2008). Even differences as small as 4%– 8% in detection dra-
matically increase the risk of erroneously concluding that population 
size varies over time or space (Archaux et al., 2012).

Since the 1970s, many studies on vertebrates have shown 
that imperfect detection is the rule and that detection probability 
tends to vary in time and space. Detection probability depends on 
a number of factors: the observation process (both the observa-
tion method and the survey effort), the visibility of the target spe-
cies, and the characteristics of its habitat (Kéry et al., 2005; Kéry & 
Schmidt, 2008; Petitot et al., 2014). Consequently, studies includ-
ing an estimate of detection probability, which corrects for the bias 
resulting from imperfect detection, have become increasingly com-
mon for vertebrates and, to a lesser extent, invertebrates. Yet, they 
remain exceptional for plants (Kellner & Swihart, 2014), suggesting 
that most plant ecologists implicitly assume that all individuals are 
always detected or that differences in detection probability are neg-
ligible. It is true that, unlike most animals, plants are immobile, and 

observers may thus consider it unlikely to miss individuals if careful 
sampling is conducted. This assumption led John Harper to make the 
famous statement ‘Plants stand still and wait to be counted’, compar-
ing the ease of studying plant and animal populations (Harper, 1977).

Although detection has almost never been investigated in 
plants at the individual level, some studies have investigated it at 
the species level, assessing species occurrence in a given area using 
two main approaches: occupancy or time- to- detection designs. In 
the first approach, the survey duration is fixed, and the detection 
probability of the species when surveying quadrats or sites is esti-
mated from repeated surveys. In the second approach, the detec-
tion probability is estimated based on the survey time required to 
detect the species. These studies found that the detection of plant 
species was almost always imperfect and that detection probability 
varied depending on ecological and observational variables. For ex-
ample, species detection varied according to the morphology of the 
target species (Chen et al., 2009, 2013; Garrard et al., 2013), with 
conspicuous growth forms and phenological stages raising detection 
probability. A high density of individuals increased the probability 
of detecting the species (Bornand et al., 2014), while the closure of 
the surrounding habitat decreased it (Alexander et al., 2012; Garrard 
et al., 2008). Species detection probability also increased with sur-
vey effort (Chen et al., 2009) and often varied between observers 
(Archaux et al., 2006; Garrard et al., 2008). Although these studies 
confirm that detection issues exist when assessing the occurrence of 
plant species, do these issues affect individual detection to a similar 
extent?

Concerning detection at the individual level, the only studies that 
have been conducted on plants used marked individuals in so- called 
‘capture– recapture’ designs (Lebreton et al., 1992) or the time- to- 
detection of individuals (Hauser et al., 2022). These studies found 
that individual detection was imperfect, although individuals were 
generally searched for in relatively small, intensively surveyed plots 
(Alexander et al., 1997; Andrieu et al., 2017; Kéry & Gregg, 2003). In 
most studies using marked individuals, individual detection probabil-
ity varied with the phenological stage of individuals and sometimes 
with habitat closure (Andrieu et al., 2017; Moore et al., 2011). Hauser 
et al. (2022) showed that flowering individuals were detected faster 
than nonflowering ones, and that the abundance of individuals of 
species resembling the target species delayed detection. Observers 
with recent experience in searching for the target species detected 
it faster, confirming at the individual level what has been demon-
strated at the species level. Therefore, it is of particular concern that 
individual detection probability has never been estimated for counts 
of unmarked plants, despite this being one of the most commonly 

that estimate the detection probability of individuals rather than relying on raw 
counts.

K E Y W O R D S
conservation, demography, detectability, field methods, N- mixture, observer effect, plant 
survey, population monitoring
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used methods for estimating population sizes and trends in plant 
ecology (Elzinga & Salzer, 1998; Reisch et al., 2018). In addition, many 
studies in plant ecology estimate vital rates by counting unmarked 
individuals per life stage (e.g. Giljohann et al., 2017; Molano- Flores & 
Bell, 2012). In theory, data from capture- recapture designs could be 
used to estimate detection probability and correct estimates from 
counts of unmarked individuals. To our knowledge, this has never 
been done, probably because it would be very impractical since both 
observation processes would have to be strictly equivalent regard-
ing detection and because estimating detection probability directly 
from counts of unmarked plants is usually less labour– intensive 
(Royle, 2004).

To assess whether imperfect detection of individuals is indeed 
the rule in plant counts, we conducted a field experiment in which 
observers counted plants in 1 × 1 m quadrats, a commonly used 
quadrat size (Elzinga & Salzer, 1998; Gauthier et al., 2017, 2019). The 
experiment covered 30 species and 300 quadrats, and involved 158 
observers who made 5024 counts. Our study had three aims: (i) to 
estimate the detection probability of individuals in plant counts; (ii) 
to estimate how detection probability varies in time and space; and 
(iii) to determine if increasing the survey effort results in a higher 
detection probability, and could allow reaching perfect detection. To 
meet these objectives, we tested whether detection varies accord-
ing to ecological variables (species conspicuousness, true population 
density and surrounding habitat closure) and observational variables 
(counting method and experience of observers), which are likely to 
vary over time and space, as well as testing varying degrees of sur-
vey effort.

2  |  MATERIAL S AND METHODS

2.1  |  Selection of sites, species and observers

We selected 30 herbaceous plant species from 24 sites throughout 
France in Mediterranean, Alpine and temperate climatic regions 
(Appendix 1). We chose species with various growth forms and 
phenological stages to cover a gradient from cryptic to conspicu-
ous species. As the experiment focused on counting individuals, we 
selected only species for which ‘individuals’ (ramets or genets de-
pending on the species) could be unambiguously differentiated. We 
avoided species difficult to identify so that all could be identified at 
first glance without having to check identification criteria on each 
detected individual. We selected study sites to cover a gradient of 
habitat closure, from bare ground to dense meadows, to include all 
possible combinations of species conspicuousness and habitat clo-
sure (Figure 1).

Participants were volunteers selected among our colleagues, 
researchers, undergraduate students and professionals involved in 
flora conservation. We selected 4 to 8 observers for each field ses-
sion, including at least one with several years of field experience in 
botany, one with no experience in botany, and intermediate profiles. 
Observers were allowed to participate in up to three sessions, but 

these sessions had to be several weeks apart. This resulted in 171 
participations by 158 unique observers. We conducted the field-
work from 7 October 2020 to 6 August 2021. We did not need per-
mission to carry out the fieldwork.

2.2  |  Experiment

2.2.1  |  Field setup and observer training

The fieldwork consisted of one- day sessions, during which a group 
of observers counted the number of individuals of a single target 
species in a habitat at one of the 24 sites. The availability of partici-
pants restricted us to organise the field sessions. Whenever we had 
enough observers available somewhere, we prospected the land-
scape nearby to find an appropriate site (i.e. easy to access and with 
a habitat corresponding to what we needed to complete the habitat 
closure gradient). Then we searched for a suitable species, meet-
ing our general criteria and completing the species conspicuousness 
gradient. Before the observers' arrival, we placed ten 1 × 1 m quad-
rats on the target species population. We chose quadrat locations 
to ensure that (i) two were free of individuals of the target species 
(so that observers would not always expect to find individuals in the 
quadrats), and (ii) they covered a relatively linear gradient of densi-
ties up to a maximum of 150 individuals (when possible). It happened 
regularly that quadrats meant to be empty contained a few individu-
als and those with the highest densities contained more than 150 
individuals. We labelled the quadrats from 1 to 10 and fixed them 
to the ground. When the observers arrived, we explained how the 
counts would be conducted and how to identify the target species 
at all phenological stages and differentiate it from the other species 
present at the study site. We then trained them to count on addi-
tional quadrats to check that everyone had understood the instruc-
tions. This training phase lasted until all observers felt comfortable 
with species identification and the counting methods. The entire 
training process usually took about an hour.

2.2.2  |  Counting methods

Each observer had to count the number of individuals of the tar-
get plant in each quadrat using three different methods, requiring 
a progressively increasing amount of survey time. In the first round, 
participants had 30 s to estimate the number of individuals in each 
quadrat (the quick count). In the second round, they had to count the 
number of individuals without any time limit (the unlimited count). 
We then divided the quadrats into 100 cells of 10 × 10 cm (Figure 1b), 
and observers performed the third round, where they had to count 
the number of individuals in each cell without any time limit (the 
cell count). This last method forced observers to survey the quad-
rat homogeneously and has been regularly used in the plant survey 
literature (e.g. Gauthier et al., 2017, 2019). For the unlimited and cell 
counts, observers recorded the time they spent counting in each 
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quadrat. To avoid memory effects, after each round we collected 
the sheets on which the observers recorded their measurements, 
and observers surveyed the quadrats in a different order, approach-
ing it from a different side at each round. The observers conducted 
the three counts on the ten quadrats in 1.5– 5 h (on average 3.25 h).

2.2.3  |  Exhaustive count and 
measurement of covariates

After the observers had left, we carried out a final count to deter-
mine the true number of individuals present in each quadrat. This 
was done by searching each 10 × 10 cm cell for the maximum number 
of individuals detected by the observers during the third round and 
collecting them. Once the maximum number of individuals detected 
by the observers in each cell had been removed, we searched again 
for any potentially undetected individuals. This final count took 
between 1 and 7 h (3 h on average), depending on habitat closure 
and the number of individuals of the target species in the quadrats. 
Despite our verification method, we might have missed a few indi-
viduals during the final count, but we will refer to this as the ‘true 
number of individuals’ for the sake of simplicity. We calculated the 
detection probability of individuals by dividing the number of indi-
viduals detected by the observers by the true number of individuals 
present in each quadrat.

We measured three variables to investigate their effect on de-
tection probability: an index of species conspicuousness (measured 
for each field session), an index of habitat closure (measured for each 
quadrat) and the experience in botany of the observers. For simplic-
ity's sake, we used synthetic indices to characterise species conspic-
uousness and habitat closure. This allowed us to limit the number of 
variables and interactions in the model (e.g. species conspicuous-
ness combines the average size of individuals, the presence of vividly 
coloured flowers, and the interaction of these variables). All the vari-
ables and interactions that we investigated in the following analysis 
are presented in Table 1, as well as the underlying hypotheses. The 
way we measured the variables is detailed in Appendix 2.

2.3  |  Statistical analysis

In total, 300 quadrats were surveyed during the experiment by 
on average 5.7 observers, resulting in 5024 counts. We removed 
34 quadrats from the analysis that contained no individuals of the 
target species, as these do not provide information on detection 

probability. We withdrew four additional quadrats that unexpect-
edly contained more than 300 individuals to avoid the leverage 
effect due to these density outliers (Appendix 3). Keeping these 
quadrats in the dataset would have led to a reduction in the slope 
of the density effect, which could result from a nonlinear relation-
ship at high densities, but with only four quadrats, we could not reli-
ably test this hypothesis. In some cases (N = 140, representing 2.8% 
of the counts), the observers recorded more individuals than were 
truly present (Appendix 4). We thus carried out the analyses on two 
datasets, one in which we removed these counts and one in which 
we set these counts to the true number of individuals. As there was 
no discernible difference in the results, we present the results of the 
former analysis in the main text and the latter in Appendix 7. After 
all filtering steps, 4319 counts remained in the dataset from which 
we had removed the observations with excess detections. We also 
performed the analyses keeping only the experienced botanists to 
verify that our results were not driven by an excess of novice ob-
servers in our sample. Despite some minor differences, our overall 
results remained unchanged (Appendix 8).

We used a generalised linear mixed model (GLMMs) with a bino-
mial distribution and a logit link function to analyse the association 
between detection probability and the variables we measured and 
some of their interactions. There could be dependence between 
detections due to individuals forming clusters. However, observ-
ers often detected some but not all individuals within clusters. 
Furthermore, the aggregation of individuals was not very strong at 
the quadrat scale. Hence, the dependence between detections is 
probably relatively small, and we consider the binomial model ap-
propriate. We designed the experiment to disentangle the effects 
on detection probability of species conspicuousness, habitat closure 
and survey effort. We had precise hypotheses about the mech-
anisms explaining these effects (detailed in Table 1) that included 
interactions between variables, and we collected a large dataset to 
test all our hypotheses. Therefore, we fitted a single model including 
all the variables and interactions corresponding to our hypotheses 
and used their statistical significance for inference. To take into ac-
count the repeated measurements at each quadrat, we included ran-
dom intercepts for the observers, the field sessions and the quadrats 
(nested within the field session). As the majority of observers par-
ticipated in only one field session, we did not add a random effect 
interaction between observers and field sessions. Furthermore, we 
did not add random effects on the slopes because we had no specific 
hypothesis that would justify it. We standardised all the variables 
prior to model fitting and assessed the model's goodness- of- fit using 
the package DHARMa (Hartig, 2022). We computed the proportion 

F I G U R E  1  Diagram of the study's experimental design. We conducted 30 field sessions, each focusing on a different species in a habitat 
with a different closure level, to cover the widest possible range of combinations of species conspicuousness and habitat closure. For each 
field session, we placed ten quadrats on the population to form a density gradient and chose 4– 8 observers to have a gradient of experience 
in botany. The observers carried out three counting methods successively (the quick, unlimited and cell counts). We then counted the true 
number of individuals by searching each 10 × 10 cm cell for the maximum number of individuals detected by the observers with the cell 
count and digging them out. Once we had removed all these individuals, we carried out an additional survey for any potentially undetected 
individuals. (a) Shows the experiment in progress at a Mediterranean site and (b) shows a quadrat with the cells.
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of variance explained by the model and the proportion of variance 
explained by the model's fixed effects, using the theoretical vari-
ance method of Nakagawa et al. (2017). Analyses were performed 
in R version 3.6.1 (R Core Team, 2019), using packages lme4 (Bates 
et al., 2022) to fit the model and ggeffects (Lüdecke et al., 2022) to 
plot the predictions.

3  |  RESULTS

Over the 30 field sessions, no observer succeeded in detecting all 
the individuals in all the quadrats. Averaged over all quadrats and 
observers, the mean detection rate per field session was 0.44 (rang-
ing from 0.11 to 0.82) for the quick count, 0.59 for the unlimited 
count (from 0.18 to 0.87), and 0.74 for the cell count (from 0.46 to 
0.94).

The goodness- of- fit of the fitted model was very good 
(Appendix 5). All ecological and observational variables were sig-
nificantly correlated with detection probability in at least some 
conditions, that is for some counting methods or some levels of 
the other variables (Figure 2; Appendix 6). Regarding the ecologi-
cal variables, as expected, the more closed the habitat, the lower 
the detection probability (Figure 3). The more conspicuous the 
species, the higher the detection probability, except in entirely 
open habitats, where the detection probability was constant and 
high regardless of the conspicuousness of the species (Figure 3). 
Detection probability decreased steeply with the true density, in 
a similar way for the three counting methods (Figure 4). Regarding 
the observational variables, spending more time sharply increased 
detection probability for the unlimited and cell counts. Habitat 
closure moderated this trend, that is spending an extra minute 
counting increased detection probability less in closed habitats 
than in open habitats. Experienced observers achieved slightly 
higher detection probability than inexperienced observers, and 
this difference was stronger for the cell count than for the un-
limited count. In contrast, there was no significant correlation be-
tween experience and detection probability for the quick count. 
For the unlimited and cell counts, detection probability slightly in-
creased with the position of the quadrat in the round, while there 
was no correlation for the quick count (Figure 4).

Observers achieved higher detection probabilities with the cell 
count than with the unlimited count, which yielded higher detection 
probabilities than with the quick count. However, this came at the 
cost of a major increase in the time spent counting. The counting 
time per quadrat was fixed at 30 s for the quick count, and the mean 
counting time averaged over all sessions and observers was 1.8 min 
(ranging from 0.3 to 5.7) for the unlimited count and 8.2 min (from 
0.9 to 21.6) for the cell count. While the time spent increased, the 
slope between detection probability and the other variables (e.g. ob-
server experience, vegetation closure) was not reduced. Some vari-
ables had roughly the same correlation with detection probability 
regardless of the counting method (e.g. true density), while others 
had an even steeper slope (e.g. experience in botany).Va
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Within the limits of the counting times we observed during the 
experiment, the model predicts that reaching a detection probability 
over 0.95 (i.e. ‘almost perfect detection’) is only possible by using the 
cell count for quadrats with a true density below 100 individuals and 
a counting time per quadrat of at least 20 min. In a very open habitat 
(typically with <7% vegetation cover and median vegetation height 
<1 cm), this can be achieved no matter the species' conspicuousness. 
In a less open habitat (e.g. vegetation cover <90%, median vegeta-
tion height <6 cm), the target species must be very conspicuous, that 
is a plant above 20 cm in height or 10 cm but with colourful flowers.

Substantial variation in detection probability between field 
sessions remained unexplained by the model, even after con-
trolling for species and habitat characteristics, as the variance of 
this random effect was �

session
2 = 0.58. There was also unexplained 

variation  between quadrats (�quadrat2 = 0.42). The unexplained 
between- observer variation was the smallest, with a variance of 
�
observer

2 = 0.16. The proportion of variance explained by the model 

was R2GLMM(c)
= 0.35, and the proportion of variance explained by 

the model's fixed effects was R2GLMM(m)
= 0.12. In other words, de-

tection probability remained heterogeneous even after considering 
the effect of the seven variables included in the model and ac-
counting for unexplained inter- session, inter- plot and inter- observer 
variance.

4  |  DISCUSSION

This study provides the first estimate of the detection probability 
of individuals in plant counts, using a detection experiment with 
a cross- taxa and cross- habitat design. Our results demonstrated 
that imperfect detection is the rule when counting plants, even 
in small (1 m2) quadrats with unlimited counting time. Detection 
probability was also highly heterogeneous and varied with the spe-
cies, habitat, observer and counting method. Methods involving 

F I G U R E  2  Coefficients of standardised variables in the model. Dots represent estimated coefficients, and lines represent their 95% 
confidence intervals. Coefficients with a non- significant effect are shown in grey. The reference counting method is the quick count, in 
which observers had 30 s to estimate the number of individuals in the quadrat. The coefficients presented for the other two methods 
indicate the difference (on the logit scale) in mean detection probability obtained with those methods compared to the quick count. The 
variable ‘counting time’ appears twice because we manually coded the interaction between the counting time and the counting method, so 
no slope parameter is estimated for the quick count.
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longer survey time increased the mean detection probability, but 
did not achieve perfect detection, nor did they reduce the effect 
of the ecological and observational variables on detection prob-
ability. Even after controlling for the effects of all the variables, 
detection remained highly heterogeneous. Therefore, we argue 
that plant ecologists should not rely on the use of raw counts and 
should always take into account detection issues when studying 
plant populations.

4.1  |  Evidence for imperfect detection of plants

In our experiment, while using common plant counting methods 
(Reisch et al., 2018), not a single observer detected all the individu-
als present in all the quadrats of a field session. Even with counts 
unlimited in time, the predicted detection probability under average 

conditions (i.e. for the average values of all variables included in the 
model with the unlimited count) did not exceed 0.59 (95% confi-
dence interval: 0.50– 0.67). Thus, our results not only confirm that 
imperfect detection is the rule when counting plant individuals but 
also show that detection probability can even be relatively low. 
Although these values may be surprising, detection issues have been 
previously documented for plants when searching for a species (e.g. 
Chen et al., 2013), and a recent study conducted on large quadrats 
(20 × 20 m) suggested that imperfect detection may also occur for 
plant individuals (Hauser et al., 2022). Furthermore, the detection 
probabilities we found for plants are higher than those commonly 
found for animals. For example, detection probabilities of 0.04– 0.32 
have been found in bird point counts (Royle, 2004), 0.07– 0.41 for 
lizards counted along transects (Kéry et al., 2009), 0.06– 0.41 for 
salamanders counted along stream banks (Dodd & Dorazio, 2004) 
and 0.06– 0.34 for freshwater mussels searched on riverbeds (Carey 

F I G U R E  3  Predicted detection probability depending on species conspicuousness (1 = least conspicuous; 4 = most conspicuous), habitat 
closure (−1.5 = most open habitats; 2.5 = most closed habitats), the counting method and the time spent counting. Predictions were made 
for a quadrat containing 100 individuals of the species of interest, located in the fifth position in the round for an observer who rated their 
level of experience in botany at 2.5 out of 5. The maximum counting time shown for the unlimited count (11 min) and the cell count (39 min) 
is the maximum time an observer spent counting on a single quadrat during the experiment. Lines represent the predicted mean detection 
probability and the shading represents 95% confidence intervals.
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et al., 2019). Nevertheless, this does not discount the fact that de-
tection remains far from exhaustive for plants and thus should not 
be overlooked.

4.2  |  Effects of the ecological variables

Our results showed that species conspicuousness positively affects 
detection probability, while habitat closure negatively affects it. This 
general result was expected, as it has also been observed for plants 
in occupancy and time- to- detection studies (Alexander et al., 2012; 
Garrard et al., 2008; Hauser et al., 2022). In open habitats, detection 
probability was the same regardless of the species' conspicuousness. 
In contrast, differences between species appeared with increasing 
habitat closure, reaching up to a 0.42 difference in detection prob-
ability between the extreme levels of species conspicuousness in the 
most closed habitats (estimated difference for the unlimited count 
with 3 min counting time). It shows that habitat closure drives the 
detection probability of plant individuals more than species con-
spicuousness. Furthermore, since both species conspicuousness and 
habitat closure usually vary over time and space, our results show 
that heterogeneous detection probability is common and should be 
considered as the rule rather than the exception. Estimating tem-
poral or spatial trends using raw counts when detection is hetero-
geneous is likely to yield biased estimates and should therefore be 
avoided by all means.

The negative effect of the density of individuals on detection 
probability was unexpected in its magnitude (e.g. a predicted de-
tection probability of 0.67 in a quadrat with 20 individuals to 0.37 
in a quadrat with 300 individuals, using the unlimited count in av-
erage conditions) and occurred regardless of the counting method. 
Although it would have supported our results, we did not find this 
phenomenon reported in the literature, even for animal taxa, where 

density- dependent detection probabilities usually result from 
changes in individual behaviour in response to density variations 
(Veech et al., 2016), and not to the observer detecting fewer individ-
uals. In our case, it may be due to the Weber– Fechner law regarding 
how humans perceive numbers (see Nieder, 2020, for a summary). 
Indeed, studies on human cognition have shown that it becomes in-
creasingly difficult to estimate the number of items in an area as the 
number grows, and that there is a general tendency to underesti-
mate it. It is plausible that this phenomenon seldom applies to animal 
counts, as these do not usually involve counting immobile items in 
high density, as is the case for plants.

4.3  |  Observer effect

The experience in botany of observers had little effect on detection 
probability compared to the ecological variables and the counting 
time. In average conditions, the difference in detection probability 
between novices and the most experienced observers was 0.04 for 
the quick count, 0.09 for the unlimited count, and 0.17 for the cell 
count, and confidence intervals largely overlapped except for the cell 
count (Appendix 6). The advantages of having experience in botany 
when searching for individuals of a target species may be the ability 
to more quickly identify an individual once it has been detected, to 
make fewer identification errors, and possibly to survey the study 
area more efficiently by knowing where to search for the species 
(Archaux et al., 2006). These advantages were probably minor in our 
experiment, since observers were trained to identify the target spe-
cies before starting counts, all species were easy to identify, and an 
efficient surveying strategy was of little use in 1 × 1 m quadrats. In 
this context, the observers' task can be seen as searching for small 
objects in a noisy environment, and it seems plausible that their 
performance was mainly driven by their ability to remain focused 

F I G U R E  4  Predicted detection probability of individuals, depending on the experience in botany of the observer (a), the true density (b) 
and the position of the quadrat in the round (c). The other variables included in the model are held constant at the following levels: species 
conspicuousness = 2, habitat closure = 0, quick count time = 0.5 min, unlimited count time = 3 min and cell count time = 3 min. Lines represent 
the mean detection probability of individuals and the shading represents 95% confidence intervals.
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during a repetitive task, their motivation, or their fatigue during the 
experiment. Larger differences between observers might have been 
observed in larger quadrats, as the surveying strategy might then be 
important. Overall, it is likely that the variables we studied have a 
similar effect on the detection probability regardless of quadrat size. 
In larger quadrats, the observation process has an additional layer 
of complexity as observers have to walk in the quadrat and might 
follow different surveying strategies. Furthermore, the differences 
between observers might have been greater if we had involved par-
ticipants with recent experience in searching for the target species 
(Hauser et al., 2022) due to the well- known ‘search image’ effect, 
whereby foraging predators improve their probability of detecting 
the type of prey they are trained to detect (Ishii & Shimada, 2009). 
If this effect indeed applies to plant counts, population trends esti-
mated from raw counts will be biased if the same observers always 
make the counts, as their detection probability will increase with 
time.

4.4  |  Comparison of the counting methods

As expected, increasing the survey effort, measured by the time 
spent counting, massively increased detection probability (Archaux 
et al., 2006; Hauser et al., 2022). In average conditions, the es-
timated detection probability was 0.36 for the quick count (30 s 
counting time), 0.54 for the unlimited count (1.8 min average count-
ing time), and 0.73 for the cell count (8.2 min). In addition, for the 
unlimited and cell counts, observers spending more time counting 
achieved a higher detection probability (e.g. for the unlimited count 
in average conditions, detection probability increased from 0.50 at 
1 min to 0.83 at 10 min).

The gain in detection associated with counting individuals per 
cell instead of the whole quadrat could be due to two reasons: the 
cells force the observer to survey the whole surface area of the 
quadrat uniformly, and might also reduce uncertainty whether or 
not an individual has already been counted, which frequently occurs 
when individuals are close to each other. However, contrary to our 
expectations, increasing survey effort did not reduce the effect of 
the ecological variables on detection probability, the most striking 
being the density of individuals, which had an almost identical effect 
on detection probability for all three counting methods.

4.5  |  Unexplained variance and implications of 
detection probability heterogeneity

Of the random effects included in the model, the most unexplained 
variation in detection probability was at the inter- session and inter- 
quadrat levels. Since we only measured three synthetic variables 
to characterise the differences between sessions and quadrats 
(species conspicuousness, habitat closure and true density), we 
expected that unexplained variance would remain at these levels. 
For example, we did not measure colour and height heterogeneity, 

for the habitat or for the target species, although these variables 
certainly impact detection probability (Garrard et al., 2013; Hauser 
et al., 2022).

The fact that the unexplained inter- observer variation was the 
lowest of the random effects is an encouraging result for future 
studies, as it means that there are few differences in detection prob-
ability between observers compared to the differences between 
species or over a habitat closure gradient. Yet, overall, more than 
half (65%) of the variance in detection probability remained unex-
plained by our model. Thus, observers had a heterogeneous detec-
tion probability between quadrats even after controlling for several 
variables, suggesting that factors that vary over time for each ob-
server, such as concentration or motivation, probably explain a large 
part of the variation in detection probability.

4.6  |  Recommendations for counting plants

Our study shows for plants what has been documented many times 
for animals: that detection probability of individuals is less than 
one and is usually heterogeneous in space and time, regardless 
of the counting method and survey effort. Using counts affected 
by imperfect detection as a proxy for the density of individuals 
to make comparisons over time and space is only valid under the 
hypothesis of constant detection. Our findings show that multi-
ple ecological and observational variables cause heterogeneity 
in detection probability. While observational variables can be 
standardised, it seems unlikely that ecological variables (i.e. spe-
cies conspicuousness, habitat closure and true density of individu-
als) will be constant in any study, even those conducted at limited 
temporal and spatial scales. Furthermore, trying to achieve almost 
perfect detection (i.e. >0.95) by increasing survey efforts to fix 
the issue of detection heterogeneity seems unrealistic given the 
resource constraints of most ecology and conservation studies. 
As we studied a wide variety of species and habitats, we trust that 
our results are transferable to most biomes and species types, pro-
vided the scientific context is comparable. The spatial scale must 
be equivalent in terms of quadrat size (i.e. small enough that it is 
not necessary to walk inside during the survey) and the studied 
species must be of a similar life form (e.g. herbaceous species or 
tree seedlings). We therefore argue that temporal or spatial trends 
in plant populations should not be estimated using raw counts, as 
they could then reflect a trend in ecological variables rather than 
the population's fate.

The detection probability depends on the conditions of the 
observation process and the studied system; thus, it has to be es-
timated within each study and cannot be extrapolated from our re-
sults. Several methods can be used to estimate individual detection 
probability, and thus estimate unbiased population sizes or trends 
(e.g. Buckland et al., 2001; Lebreton et al., 1992). In particular, the 
N- mixture method uses repeated counts of unmarked individuals on 
sampling units (e.g. quadrats or sites) to estimate detection prob-
ability from the differences in the number of individuals detected 
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between counts (Royle, 2004). With this method, estimates of 
population sizes or trends are more precise if detection probabil-
ity is high and homogeneous in time and space, if the mean density 
of individuals is high, and if the sample size, that is the number of 
sampling units and count repetitions, is high (Ficetola et al., 2018; 
Royle, 2004). Thus, for studies using the N- mixture method, no mat-
ter the studied population and the counting method used, we rec-
ommend setting a fixed counting time as leaving it to the observer's 
choice will add heterogeneity to detection probability, resulting in 
less precise estimates.

In terms of allocating survey effort, there are three options: 
use a more time- consuming counting method to increase detection 
probability, perform more count repetitions, or survey more sam-
pling units. The only way to be sure of the optimal design is to con-
duct a pilot study to estimate the mean density of individuals and 
their detection probability in the population of interest. However, 
Ficetola et al. (2018) have shown that when the detection probability 
is above 0.10, the most advantageous strategy is usually to make 
three count repetitions and to increase the number of sampling units 
as much as possible. Conversely, when the detection probability is 
below 0.10, it is better to increase it by using a more time- consuming 
counting method or to increase the number of count repetitions. 
Thus, we recommend counting individuals in quadrats without cells 
with a fixed short counting time (e.g. 0.5– 1 min), as this method 
will yield a detection probability above 0.10 for most species and 
allow the most sampling units to be surveyed. More time- consuming 
counting methods should be used only if the study population grows 
in a very closed habitat and the individuals are inconspicuous, or if 
travel costs resulting from increasing the number of sampling units 
is a strong constraint.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the 
Supporting Information section at the end of this article.
Appendix 1. Summary of the field sessions.
Appendix 2. Detailed Mat&Meth.
Appendix 3. Data visualisation.
Appendix 4. Description of the excess detections.
Appendix 5. Model goodness- of- fit assessment.
Appendix 6. Coefficients of the model.
Appendix 7. Results with excess detections reduced to 100% 
detection.

Appendix 8. Results with only the experienced botanists.
Appendix 9. List of the participants.
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