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ARTICLE INFO ABSTRACT

Keywords: Vegetation surveys are employed in agro-ecosystems to understand weed eco-biology and develop integrated
Vegetation weed management solutions. Vegetation cover through visual estimation is the most common, non-destructive
Surveys measurement but is often associated to inter- and intra-observer variability. The present study investigates
Ic:}t):zj;ﬁi?lg whether the inter-observer error linked to experience can be reduced after using an Al-based annotation tool that
SAM we developed. The tool combines general and domain-specific knowledge using Segment Anything Model and
VegAnn VegAnn to assist the annotator. Two vegetation surveys were performed at different growth stages of a lentil-

buckwheat intercropping trial. Vegetation and soil cover were evaluated independently by two observers
(expert and novice) on two sampling areas per plot. Each sampling area was photographed (Samsung Galaxy A42
smartphone) and the pictures were processed by the novice with the Al-based tool. The effect of the observer type
(expert, novice, Al-tool) on the cover of crops, weeds and bare soil was tested using generalized least squares-
mixed effect models. Overall, after using the Al-tool the gap between expert and novice decreased by 44 %
for weeds but increased by 8 % for lentil, by 11 % for buckwheat, and by 4 % for soil. Nonetheless, when the
spatial layout and the growth stage of the crops were considered, the gap between expert and novice was reduced
in almost all cases. We also proved that the Al tool is useful for novice observer training prior to entering the field
and which can be further developed to aid researchers and farmers in estimating vegetation cover.

1. Introduction

The extensive use of herbicides has led to few and competitive weed
species dominating arable fields [1]. Integrated weed management en-
compasses a wide range of practices which aim to reduce weed pop-
ulations in the field while maintaining diversified communities,
contributing to the overall resilience of the agro-ecosystem [2,3]. The
effect of agro-ecological management practices (e.g., cover crops,
intercropping, false seed beds) on weed communities is assessed though
the identification of weed species and the quantification of the weight of
each species in the community [4,5]. This method allows to establish
whether certain practices lead to a community with overall positive or
negative traits based on the number of species, their competitiveness,
nutrient requirements or habit [6]. Vegetation surveys are coupled with
the measurement of biomass, density or cover [7]. The decision on
which measurement to use depends on both the objective of the study
and the resources available. Biomass can be considered as the most

unbiased measurement, but being destructive it prevents repeated
measures on the same sampling areas [8]. The weighing and separation
processes are also time consuming, although the processing of the
collected samples requires a certain rapidity due to the wilting of
vegetative tissues which can make species identification difficult.
Furthermore, indices such as cover or density are better suited to answer
some agronomical questions, such as the effect of cropping practices on
weed suppression [9,10], have been found to be linearly correlated to
biomass in low open herbaceous vegetation [8,11] and in some cases
have been found to be better predictors for yield loss compared to weed
biomass [12].

Cover assessments through visual estimation allow to carefully
observe the community and employ less time compared to other sam-
pling methods, such as the random-point quadrat (RPQ) [13]. Similarly
to biomass and density, vegetation cover assessments can be performed
on the entire plant community or by dividing the population in cate-
gories (forbs and grasses, crops and weeds, etc..), up to species level. On
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the contrary, visual cover assessments are an acquired skill and are
prone to both inter-observer and intra-observer error [14].

The three main sources of error in visual cover estimation are related
to: 1) the characteristics of the vegetation, 2) the environmental con-
ditions, and 3) the observer [14]. As an example, vegetation cover
estimation in a vineyard is likely to be less precise compared to an
assessment in a corn field after an herbicide application [15]. Weather
conditions, mosquitoes or harsh sunlight may disturb the observer [14,
15]. Finally, mental or physical fatigue and differences in experience
may affect the precision of the assessment [14,16,17]. Although the
assessment of each site may be quick, vegetation surveys can be
demanding for one observer to complete when many sites are involved,
thus often two or more observers carry out the observation in the field.
This poses the additional task of calibrating observations between ob-
servers every so often, especially if they have different levels of expe-
rience [14].

Several papers have considered assessment of vegetation cover per-
centage through remote-sensing techniques, digital image processing or
indices [18-21]. An interesting agronomical application of
image-processing techniques was developed by Wiles [10], who created
a user-friendly application for the estimation of weed cover in fallow
fields using GIS files. Although promising, these methods seem best
suited for monitoring of large areas such as forests or grasslands or seem
to be targeted towards precision agriculture, while researchers often
study weed communities at plot level. Furthermore, the time investment
in using some of these techniques may overweigh the benefit particu-
larly for users who are not accustomed to using programs like GIS.

As pointed out by Morrison [14], picture analysis is not always an
adequate solution when layers of vegetation are present. Visual vege-
tation surveys in small areas such as 0.25 m? take around 2-5 min to
complete, including the identification of species. Furthermore, visual
estimations were found to be more repeatable compared to other in situ
assessments [13].

This study compares the cover estimation from two observers: an
expert (5+ years of experience) and a novice (a bachelor student with no
prior experience). In addition, we developed and tested a novel Al-based
tool based on two models for shape and vegetation recognition (SAM)
[22] and VegAnn [23]. The tool provides cover estimates of spe-
cies/categories through manual image annotation assisted by the Al
models. The efficacy and efficiency of the Al-tool were also evaluated by
tasking the novice of processing the same observed areas with the tool
after the field surveys.

Morrison [14] reports that comparisons between observers have
been carried out in ecological survey settings, such as forests, wood-
lands, grassland, or meadows. To the best of the authors’ knowledge, the
present study is one of the few to focus on an agricultural area (see also
[9]). Specifically, observations were carried out in an intercropping trial
involving lentil (Lens culinaris Medik) and buckwheat (Fagopyrum escu-
lentum Moench). This trial was particularly well-suited for this study as it
included cropping systems with different complexities, allowing to
investigate an interaction between the characteristics of the vegetation
(first source of error) and the experience of the observer (third type of
error). This paper provides considerations on species-specific cover
based on the precision of the different observers at estimating vegetation
categories and soil cover. The main objectives of the study were to: 1)
measure the reliability of different observers with varying levels of
expertise; 2) measure the effect of the Al tool in reducing the observation
gap between observers; 3) understand the trade-off between the dura-
tion of the observations and the variability of the obtained data. The
estimations provided by the novice were hypothesized to have a greater
coefficient of variation compared to the expert, making intra- and
inter-observer errors dependent on experience. The Al-tool was hy-
pothesized to reduce the gap between novice and expert, and even to
provide more precise values compared to visual estimation, in the early
growth stages when vegetation is sparse. In conditions of stratified
vegetation, the Al-tool was hypothesized to under-estimate values
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compared to human observations.
2. Materials and methods
2.1. Experimental design

Lentil and buckwheat were sown on the 9th of April 2024 in an
intercropping trial with two spatial arrangements: within row (MIX) and
alternate row (ALT) intercropping. Two buckwheat plant densities were
considered for the MIX plots, resulting in plots with 25 % of buckwheat
seed rate (MIX25) and 50 % of buckwheat seed rate (MIX50). In the ALT
plots, buckwheat seed rate was also halved compared to the sole plots.
Plots had four rows with 34 cm row spacing in the pure lentil and MIX
plots, while the ALT and pure buckwheat plots had eight rows spaced 17
cm apart (Fig. 1). Trials followed a completely randomized design with
four replicates per treatment.

2.2. Data collection

Crop emergence was registered on the 20th of April. Two vegetation
surveys were carried out three weeks apart: 1) T1 - 15 days after crop
emergence (third true leaf stage of lentil; second true leaf stage of
buckwheat) and 2) T2 - 38 days after crop emergence (branching stage
of lentil; full flowering stage of buckwheat). Vegetation (lentil, buck-
wheat, weeds) and soil cover were evaluated independently by two
observers (expert and novice) on two sampling areas of 0.35 m?(0.5m x
0.7 m) in each plot, resulting in eight observed sampling areas for each
treatment at each sampling date (n = 40 at T1, n = 40 at T2). Cover was
estimated by the projection of the vegetation category on the ground
surface expressed as percent covered by each category. Prior to the first
survey, the novice was trained in the field by the expert (explanation
provided in Appendix A). The total duration of the observation was
timed for each observer. Each sampling area was then photographed
from a consistent height (1 m) facing the same direction and with the
same orientation of the device (Samsung Galaxy A42 smartphone), the
pictures were then cropped to the size of the sampling frame (Fig. 1).

2.3. Annotation tool

The tool is a desktop application developed in Python and leverages
PyTorch, Pandas, and Numpy extensively. It offers a graphical user
interface supported by the PyGame library (Fig. 2A). The tool allows the
user to load images of any size, manage labels (e.g., adding labels for
lentil or buckwheat), and perform pixel-wise annotations directly on the
image. Annotations can be made manually using a brush, but the pri-
mary strength of the tool lies in its Al-assisted annotation feature, which
suggests regions of pixels to annotate through a simple click on the
image.

The Al annotation is powered by the Segment Anything Model (SAM)
[22] and VegAnn [23]. SAM is a state-of-the-art foundation model for
image segmentation designed to segment any object within an image
based on minimal hints such as points, boxes, or freeform masks. It al-
lows for general-purpose segmentation tasks across diverse domains.
VegAnn, on the other hand, is a specialized tool tailored for vegetation
analysis and agricultural imagery. It combines traditional computer
vision techniques with deep learning to distinguish between vegetation
and non-vegetation areas.

The tool supports three methods of annotation, depicted in Fig. 2B:
“AI” tool with a single click, “AI” tool by clicking and drawing, and
“Brush”. In the two “Al” cases, the user identifies an object of interest by
clicking or drawing and the SAM model is prompted to generate a mask
based on the user’s input. On the contrary, when using the “Brush”
annotation method, the user manually colors all the areas they wish to
annotate. In all cases, before finalizing the annotation, the mask
generated via the “AI” or “Brush” tool is optionally combined via
intersection with the binary VegAnn mask to filter out non-vegetation
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Fig. 1. Photos of the surveyed areas in the five cropping systems taken at 15 days after crop emergence (T1) and at 38 days after crop emergence (T2). MIX25: mixed
row intercropping with buckwheat sown at 25 % of its pure sowing density; MIX50: mixed row intercropping with buckwheat sown at 50 % of its pure sowing
density; ALT: alternate row intercropping with buckwheat sown at 50 % of its pure sowing density. The red border visible in the photos is the 0.5 x 0.7 m frame.

Al - One

Click Al - Click and Draw

onginal mage -
uses rerface

SAM - mask
generation

\aghnn - mask
rafinement (ogptionad)

Fig. 2. A) Screenshot of the annotation tool interface. B) Graphical depiction of the three annotation methods supported by the developed tool. From left to right:
“AI” tool with a single click, “AI” tool by clicking and drawing, and “Brush” tool. The VegAnn mask refinement (bottom row) is optional (active by default) and can be
applied to both Al and manual annotations.

areas or background pixels (Fig. 2B, bottom row).

2.3.1. Interface and details of the annotation tool

Upon loading the image for the first time, a series of preparatory
steps is performed to setup the AI models: the image is resized to
1024x1024 and normalized, SAM is used to compute and store the

embeddings of the image to enable repeated segmentations, and the
image is processed once by VegAnn to generate and store a binary
vegetation / non-vegetation mask.

Following these preprocessing steps, the user is presented with an
interface (Fig. 3) that shows the original image and a series of tools that
can be used to annotate it (a), in particular “AI” and “Brush”. When “AI”

Fig. 3. Detailed screenshot of the annotation tool interface.
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is selected, the user can use a single click or draw lines to indicate re-
gions for segmentation. This prompts SAM to generate a mask for the
selected object (i.e., a plant). SAM can generate three different masks per
prompt corresponding to different levels of granularity (low, medium,
and high). For example, if a user clicks on an image of a car, SAM might
propose a mask for the entire car, a mask for the car door, or a mask for
the window. The application defaults to “medium” granularity and the
user can change it at any moment using the “Al Detail” button (b). If the
“Brush” tool is selected (a), the user can manually paint over the image
to annotate it, changing the brush size as needed.

In all cases, before finalizing the annotation, the mask generated via
the “AI” or “Brush” tool is combined via intersection with the binary
VegAnn mask to filter out non-vegetation areas (background pixels). By
clicking on the toggle “Background Mask Visible?” (c) the user can
visualize the precomputed VegAnn vegetation mask as a colored overlay
(d). In addition, they can temporarily disable the effect of the back-
ground mask clicking on the “Background Mask Clipping Active?” toggle
(c), allowing them to annotate pixels that VegAnn might have mis-
interpreted as non-vegetation. Fig. 2B summarizes the functioning of the
three available annotation methods.

Finally, the panel on the right allows the user to switch between
different labels (e) or create new ones. At any stage, the user can
generate a summary of plant coverage (f), which provides the percent-
age of annotated pixels for each label, along with general statistics (e.g.,
the number of annotated and unannotated pixels). This functionality
offers insights into plant distribution and annotation progress.

2.4. Evaluation of model size and granularity

The SAM model is publicly available in different sizes (e.g., Base,
Large, Huge), hardware requirements, and segmentation performance.
In addition, each of them allows to annotate images at various levels of
granularity (coarse, medium, fine). It is therefore important to deter-
mine which variant to incorporate in the annotation tool. For this
reason, we systematically tested all the SAM variants on the collected
images while varying the granularity of the generated masks. Specif-
ically, we tested all nine combinations (three SAM variants x three mask
granularities) on the annotated images. For each image, we simulated
400 user clicks, uniformly distributed across a 20x20 grid. The label
(plant category) assigned to each annotated pixel corresponds to the
ground truth label at the click position, simulating the label selection
process performed by an annotator.

The performance of the SAM combinations was analyzed considering
the aggregated metrics over all the images (ALL) and category-level
metrics (e.g., weed, buckwheat, lentil). We used three metrics
commonly employed to assess segmentation tools: Precision (P), Recall
(R), and F1-Score (F1), focusing particularly on the F1-Score as a sum-
mary metric. Given a class C (e.g., buckwheat): Precision measures how
accurate the annotations are, by taking the percentage of pixels anno-
tated as C that are from class C (high precision indicates fewer false
positives, i.e. pixels incorrectly labeled as C). Formally:

P = TP/ (TP + FP)

where TP and FP are the pixels correctly and wrongly labeled as C,
respectively. Recall reflects how well the tool detects all instances of C,
computing the percentage of actual C pixels that were correctly anno-
tated (high recall means fewer false negatives, i.e. C pixels missed by the
annotation). Formally:

R = TP/ (TP + FN)

where FN are the pixels from class C that were not labeled as such by the
model. Finally, the F1-Score is the harmonic mean of Precision and
Recall. A high F1 indicates both good accuracy and comprehensiveness
of the annotation process.
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Fl= 2« TP /(2 * TP + FP + FN)

2.5. Data analysis

All statistical analyses were performed using R (v. 4.1.0) [24]. The
effect of the observer type (expert, novice, Al-tool) on the cover of lentil,
buckwheat, weeds and bare soil was tested using generalized least
squares (GLS) mixed effect models (MEM). For each vegetation type
model selection was performed using a linear mixed effect model, with
(1|plot) as the random structure to account for the repeated measures of
the vegetation. The main interest of this study was to assess whether the
observer increased the strength of the model. Model selection was per-
formed starting from an “a priori” model containing cropping system
and sampling date, as well as their interaction. This null model was
tested against other five models containing the observer, alone or with
the different interactions. In this way we tested six different hypotheses
on the effect of the observer on each response variable [25,26]. The six
hypotheses for each response variable were compared based on the
Bayesian Information Criterion (BIC) value. The final models for each
response variable were validated by checking distribution and homo-
geneity of residuals. After confirming the non-homogeneous variance of
the data [27] generalized least squares (GLS) were used. The weights of
the models were selected for each response variable. The GLS model was
then tested against a model containing a random structure (“random =
~1|plot”) (MEM). The model with the random structure had the lowest
BIC and thus was selected [28]. The models were validated by checking
distribution and homogeneity of residuals. No post-hoc test was per-
formed in this case since mixed effect models already perform a partial
pooling of the estimates towards a common mean [29,30].

3. Results
3.1. Model size and granularities

As the detail level varies from low granularity (coarse) to high
granularity (fine-grained), less pixels are annotated, yet those pixels are
more accurate, meaning that they do not fall outside of the desired re-
gion. For example, on the left side of Fig. 4 (Base-Low, coarse masks),
almost all the pixels belonging to lentil are detected (light blue), yet
many incorrect pixels were also captured, e.g. near the buckwheat leaf
(orange). Conversely, as the granularity becomes finer (Base-High),
fewer pixels are captured with more precision. Therefore, it becomes
important to evaluate how the different granularities, as well as the SAM
variants, influence the annotation performance and the support offered
to the user.

Quantitative results (F1 score) for all the combinations are reported
in Table 1. Further details about P and R are discussed in Appendix B.

With respect to the F1 index (Table 1), SAM Base shows a more
robust performance compared to the other model sizes. Base-Low has
the best results for class-agnostic pixel coverage (93.0 and 96.5 % in T1
and T2 respectively), Base-Mid is the best performing combination for
Lentil, Base-Low is the best model for Buckwheat at T2 and the second-
best at T1. As regards the Weeds class, Base-Mid is the third-best com-
bination in terms of F1 score due to the low Recall.

3.2. Effect of observer type and vegetation complexity on cover estimation

A summary of the best model for each cover type is included in
Table 2. For lentil, buckwheat and soil, the full model including the
three-way interaction between sampling time, cropping system and
observer had the lowest BIC. In the case of weed cover, the explanatory
capacity of the model was best represented when the three-way inter-
action was excluded, but all two-way interactions were included.

The range of the coefficient of variation (CV) was 2 %—107 % at the
first survey date and 8 %—84 % at the second survey date. The expert
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Legend

() Lentil

© Buckwheat

Fig. 4. Examples of masks suggested by SAM Base with different detail levels on one of the collected images. The masks are generated by prompting SAM with two
clicks, highlighted with a white circle. From left to right: low granularity masks — Base-Low, medium granularity — Base-Mid, and high granularity masks — Base-High.

Table 1

Comparison of nine combinations for the SAM component of our annotation tool. Three SAM variants (Base, Large, Huge) with three granularities (Low, Mid, High) are
tested on both annotation times (T1 and T2). Performance is reported using F1 both in aggregated form (ALL) and per class (Weeds, Buckwheat, Lentil). The best results
for each time and class are bolded and underlined, the second-best results are bolded.

F1 ALL Weeds Buckwheat Lentil
Low Mid High Low Mid High Low Mid High Low Mid High
T1 Base 93.0 79.1 58.7 32.4 40.4 27.9 83.3 76.2 58.9 63.6 70.0 52.8
Large 92.9 86.9 64.4 36.3 41.9 31.1 82.1 82.3 62.3 60.4 68.1 60.1
Huge 92.7 86.2 66.8 37.3 40.8 33.0 84.9 81.0 63.3 63.9 69.1 63.5
T2 Base 96.5 88.4 75.2 30.6 57.6 44.6 84.8 82.8 71.7 74.0 86.6 75.1
Large 96.1 89.6 78.1 32.7 61.2 47.9 78.8 80.2 74.2 68.0 80.5 77.9
Huge 96.2 89.9 79.0 37.0 59.5 48.8 79.6 78.7 74.3 70.2 78.7 80.1
Table 2

Comparisons of the five regression models for lentil, buckwheat, weed and soil cover ( %). The Bayesian Information Criterion (BIC) was used as a tool for model
selection. The variables tested for each response variables were the sampling date (“date”), the cropping system (“CS”), and the observer (“O”). The models with the
lowest BIC are underlined for each response variable.

model Lentil Buckwheat Weeds Soil
BIC DF BIC DF BIC DF BIC DF
mO (date : CS) 1215.29 7 1321.61 7 1477.43 8 1741.86 8
ml (date : CS) + O 1214.78 9 1297.36 9 1427.46 10 1731.99 10
m2 (date : CS) + O + date : O 1215.47 11 1282.23 11 1358.29 12 1715.19 12
m3 (date : CS) + O + 1204.24 20 1277.61 20 1357.28 24 1712.66 24
date: O + CS: O
m4 (date : CS) + O + 1183.43 26 1265.91 26 1363.81 32 1693.04 32
date: O +CS: 0 +
date: CS: 0
third-leaf stage branching stage
R*=0.57
= a
o
= W
s
|
@
=
%
o
o
e o '“\ " [ ]
50 75 0 25 50 75
cover %

@ weeds © soil

lentil

©  buckwheat

® expert 4 novice = tool

Fig. 5. Relationship between cover % and the coefficient of variation among observers for each cover category, in the two sampling dates (T1: lentil third-leaf
stage,15 days after emergence; T2: lentil branching stage, 38 days after emergence).
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observer recorded the lowest overall CV (27 %), followed by the Al-tool
(29 %), and then the novice observer (33 %). The highest CV was
observed for the weed category in the first survey date (60 %, averaged
across observer type) (Fig. 5). At weed over values between 0-5 % the
novice CV was of 83 %, compared to the expert (42 %) and the Al tool
(57 %). At higher weed cover the inter-personal error decreased, with
CV values of 44 % for the novice, 51 % for the expert and 61 % for the Al
tool.

The CV range was lowest for the soil category at the first sampling
date (2 %—8 %), when values were >70 %, but increased to 8 %—40 %
when cover values decreased to around 30 %—50 % (Fig. 5). Inter-
personal error was low in both cases, thus the higher range at T2 is
attributed to intra-personal error. Coefficient of variation ranges
remained constant for both the lentil and buckwheat categories between
the two survey dates: the lowest inter-personal error was recorded at T1,
while the ranges between observers increased for both crops at time 2
(Fig. 5).

In general, observer type could be discerned for all cover categories
(Appendix C). Buckwheat and soil cover values estimated from the two
human observers were generally closer compared to the cover values
obtained using the Al-tool. Compared to the program, the human eye
seemed to over-estimate soil cover (66 % and 67 % vs 62 % of the Al-
tool) and under-estimate buckwheat cover (22 % and 24 % vs 28 % of
the Al-tool). In the case of weed cover, the expert observer and the
program were more closely aligned compared to the novice. The greatest
similarities were found for lentil cover, averaged across cropping sys-
tems and dates, which ranged between 14.5 % and 17 %. The human eye
completed the evaluation of a sampling quadrat in 1-2 min, with the
expert observer taking less time to complete the task compared to the
novice. Manually annotating the images with the program implied a
minimum time investment of 5 min, up to 20 min. However, the anno-
tator became more efficient as they used the application, reducing
annotation times.

The weed cover model was improved by the inclusion of the inter-
action between observer and sampling date (Fig. 6A) and between
observer and cropping system (Fig. 6B). The range of values 15 days
after crop emergence (at lentil third true leaf stage) was narrow,
resulting in similar estimates between observer types. Five weeks after
emergence (at lentil branching stage), the novice observer seemed to
over-estimate the weed cover (15.3 % + 0.49) compared to both the
expert observer (7.2 % =+ 0.43) and the Al-tool (4.9 % =+ 0.44).

The novice observer gave generally higher values compared to both
the expert observer (+ 90 %) and the Al-tool (+150 %). The expert
observer and the program gave comparable values, and the biggest
discrepancies were observed in the MIX50 plots (Al-tool: 1.3 % =+ 0.9;
expert: 2.7 % + 0.4) and in the pure buckwheat plots (Al-tool: 1.8 % +

A
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@
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@
@
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third leaf branching

Lentil phenological stage
annotation ® expert ® novice
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0.6; expert: 3.4 % =+ 0.5) in which the values given by the expert were
double compared to the Al-tool.

The buckwheat, lentil and soil cover models were improved when
the three-way interaction between sampling date, cropping system and
observer was included (Fig. D.1- Appendix).

At 15 days after crop emergence (third leaf stage of lentil) the
observation ranges were comparable regarding crop cover values, but
the greatest discrepancies were found in the pure plots. The expert and
novice observer gave, respectively, 36 % and 58 % higher lentil cover
values (pure plots) compared to the program, whereas the novice
observer seemed to under-estimate buckwheat cover (19.1 % + 1.2) in
the pure buckwheat plots by 35 % compared to the expert (25.9 % +
1.2) and by 45 % compared to the Al-tool (27.8 % =+ 1.2).

Regarding bare ground cover, observers were aligned, except for a
slight over-estimation of bare soil from the novice in the pure buckwheat
plots (79.9 % + 0.8) compared to the Al-tool (73.2 % + 0.8) and the
expert (70.7 % + 0.9) (Fig. D.1C).

At lentil branching, 5 weeks after crop emergence, greater variability
between observers was detected. Observers were most aligned in the
ALT plots in estimating both crops’ cover, whereas the MIX plots dis-
played the most discrepancies. The human eye was inclined to under-
estimate buckwheat cover and over-estimate lentil cover in the MIX50
plots compared to the program. This can be seen to a lesser extent also in
the pure buckwheat plots, in which both humans gave lower buckwheat
cover values compared to the Al-tool. The greatest variability was
observed in the MIX25 (for both crops) (Fig. D.1A) and pure lentil plots
in which the novice underestimated crop cover in the field, but values
were more aligned with the expert after using the program (Fig. D.1B).

Regarding bare soil cover, the highest variability between observers
was found in the intercropping plots (Fig. D.1C), where the values ob-
tained with the program were generally lower compared to the ones
estimated by the human eye. In the pure buckwheat plots the expert
observer seemed to over-estimate ground cover (52.5 % + 0.9)
compared to both the novice (43.7 % + 0.9) and the Al-tool (42.1 % +
0.8).

Annotating an image using the Al tool took between 5 and 22 min in
T1 and between 7 and 22 min in T2. In T1 the user experienced a
learning effect (Fig. 7A), taking less time to annotate the images as they
learned how to use the tool and going from an average of 16 min to 10
min. The same is true for the images annotated during T2. The anno-
tation time was initially of 18 min on average per image, possibly
because of the long time passed between the previous use of the tool
(over three weeks) and because of the different appearance of the crops.
As the novice continued to use the tool, the annotation time decreased to
14 min per image on average, confirming that annotation time can be
reduced with practice.
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Fig. 6. Effect of observer in estimating weed cover in each A) lentil growth stage and B) cropping system.
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Fig. 7. A) Annotation times per image in minutes (min) using the AI tool. B) Annotation times per pixel over the final annotated area in milliseconds (ms) using the

Al tool.

The ratio between the annotation time and the number of annotated
pixels decreased sharply as the user gained more annotation experience
(Fig. 7B), going from 2.25 ms/pixel to 0.25 ms/pixel in T1, showing that
the user became faster at annotating the images as a consequence of the
improved efficiency in annotating large areas of pixels. This is even more
evident in T2, where the annotation speed started at 0.25 ms/pixel and
reached up to 0.15 ms/pixel. Therefore, although images collected in T2
took more time to annotate (Fig. 7A), the annotation process was more
efficient compared to T1 (Fig. 7B).

4. Discussion

The present study aimed to investigate the sources of inter-observer
error in vegetation surveys and whether the error linked to experience
could be reduced using an Al-based annotation tool. The main hypoth-
eses were that: 1) observer error would increase with higher vegetation
complexity, and 2) the benefits of using the Al-tool would be greater at
lower vegetation cover, due to absence of stratification.

Overall, the observation gap between the expert and novice observer
was reduced with respect to weed cover (—44 %), while the gap slightly
increased concerning crop and soil cover. Morrison et al. (2020) report
greater inter-observer error in small plots (< 1 m?), compared to large
plots (10 m?) and found that species were assigned to different cover
classes 26.2 % of the time. The present study used continuous values,
which may have helped reduced the error related to the size of the
surveyed area. The average value ranges were limited: 14 % - 17 % for
lentil, 22 % - 28 % for buckwheat, 3 % - 8 % for weeds, and 62 % - 67 %
for soil.

Analysing the annotations performed by the novice observer showed
that about 80 % of the pixels were annotated automatically by the Al

component (89.3 % in T1, 70.2 % in T2), and only about 20 % were
annotated manually by the novice (10.7 % in T1, 29.8 % in T2). An
example of this is shown in Fig. 8, representing a sample from T2. The
original image is shown on the left, with the trace of the annotation
process on the right. In the latter, black pixels are not annotated
(ground, rocks, residues), grey pixels are Al-annotated, and white pixels
are human-annotated. During the second data collection period, there
are several major changes in crops which may create confusion to the Al
component, requiring increased human intervention. First, as the crops
grow, they shoot branches, which may seem unrelated to the plant, as in
the upper part of the picture. Also, as the leaves grow large and cover
more pixels then during the first annotation period, pixel with similar
colors are close although coming from different plants. This is especially
the case of buckwheat, which grows large leaves that cover most of the
image and, due to this, the AI component tends to have smaller confi-
dence in annotating the borders (e.g. especially on the right side of the
image). Moreover, some plants may have flowers, as in the case of
buckwheat, and the AI component may fail at recognizing them,
mistaking them for rocks. In all these cases, the annotator decided to
manually intervene to fix the suggested annotations, as can be seen in
the trace (Fig. 8, right).

The benefit of using the Al-tool was notable when estimating higher
weed covers, across all cropping systems, as it reduced the differences
between the expert and novice by 67 %. Andujar et al. (2010) reported
that observers had the tendency to overestimate weed cover at low weed
densities and to underestimate values at high densities but found no
significant differences between the estimations performed by four
different observers. The present findings do not support this statement,
since the novice observer over-estimated weed cover at the higher cover.
Andujar et al. [9] referred to “true” weed cover values, which were not

Fig. 8. A sample from annotation time 2. Left: Clean image. Right: Trace of the annotation process (black: no annotation, grey: Al annotation, white:

human annotation).
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used in the present study, and compared equally experienced observers.

The present findings support those of Morrison [14], who states that
high coefficients of variation (CV) (>100 %) are common at low vege-
tation covers, while the coefficient of variation is reduced (25-50 %) at
high vegetation covers. At low weed cover, in-field training successfully
reduced inter-observer error; even so, the Al-tool reduced the coefficient
of variation related to the novice’s observations by ~30 %. The co-
efficients of variation were more similar between observers in the sec-
ond sampling date, though again the precision of the estimations was
improved after using the Al-tool. The present findings related to weed
cover allow to conclude that it may be worth dedicating 10-15 min to
annotate an image since it leads to improved observation precision and
related CV even at low vegetation covers, thus increasing the validity of
cover estimation data.

Based on these findings, the authors expected crop and soil cover to
also be associated with high coefficients of variation; on the contrary,
the values were in the order of 25-50 % even at low covers. Buckwheat
cover values were in line with actual planting densities, while this was
not the case for lentil despite having a constant planting density. Before
using the program, the novice underestimated buckwheat cover by 45 %
in the sole plots (compared to the expert), and consequently over-
estimated soil cover (confirming [9]). Soil cover seemed to be precisely
(CV=5 %) overestimated in 3 out of 5 cases, but the presence of lentil in
the frame seemed to help reduce inter-observer error for both buck-
wheat and soil. Although no true cover values were used in this study,
the alignment between expert and tool provides reliable evidence on
whether the novice over- or under-estimated cover values. The tool
proved useful to decrease inter-observer error for buckwheat and soil
cover in the early stages of the cropping season.

In the second survey, buckwheat cover values calculated with the AlI-
tool were generally higher compared to the field observations from the
novice. The highest discrepancies with the expert were found in the
MIX50 (37 %) and in the pure buckwheat (27 %) plots, the lowest inter-
observer error was recorded in the alternate row plots while the tool
proved useful in reducing inter-observer error in the MIX25 plots.
Buckwheat is an erect plant and was almost 1 m tall at the time of
sampling: its height may have been an issue for observers in the field,
leading to more conservative cover estimations. More conservative
cover values were given in the MIX arrangement compared to the ALT
arrangement, at the same buckwheat densities, but this difference was
less pronounced in the field observations compared to the tool, leading
to lower intra-personal error. To the best of the authors’ knowledge
there are no studies on the effect of eye-vegetation distance or of specific
plant height on the precision of cover estimation.

Lentil cover was subject to both higher inter- and intra-observer error
already at low vegetation cover. The expert provided values in between
those of the novice and the tool, except in the MIX25 layout (25 %
higher). Although inter-observer error was reduced in both the pure
lentil and MIX50 plots, the cover values provided by the tool were still
36 % and 38 % lower compared to the expert, respectively. The greatest
reduction in inter-observer error was observed in the alternate row
plots, in which the differences between expert and novice went from 20
% to 6 % after using the tool.

At high vegetation cover, the expert observer had the lowest coeffi-
cient of variation between cropping systems. Although the plots seem to
display high inter-personal error, the differences in lentil cover between
the Al-tool and the expert were limited in the pure lentil and ALT plots,
while cover values provided by the program were much lower in the MIX
plots. The variability regarding lentil cover estimation could be due to
both vegetation stratification and to the amount of bare soil in the
sampling frame. Both were confirmed by the alignment between expert
and tool in the ALT plots. Lentil leaves are tiny, and large soil patches
between plants may complicate isolating lentil leaves for the human eye,
leading to the overestimation of cover at low covers in the pure lentil
plots, confirming the findings from Andujar et al. [9]. Stratification is
ignored in ecological vegetation surveys to provide a cover/density
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value for each species which is needed to calculate their weight in the
vegetation [2]. Lentil was always covered to some degree by buckwheat
already at the initial growing stages, leaving only the leaves in the first
layer to be annotated in the 2D images processed by the program. To a
lower degree, stratification posed some issues in-field as well, explaining
the intra-observer error between cropping systems for both lentil and
soil values. The inter-observer error related to soil values in the second
sampling date is the most perplexing but explainable when considering
the spatial arrangement of the plants, their height, the stratification and
possibly the angle at which observations were carried out.

The authors acknowledge that the cover values given in the field and
by the tool are calculated following different objectives, which repre-
sents a fundamental limitation. Despite this, the intra-observer error was
constant amongst the three observer types, allowing for a possible
correction of the estimated values. This aspect should be further inves-
tigated and may become an additional implementation of the Al-tool in
reducing the error linked to vegetation complexity in vegetation sur-
veys. A further limitation may be given by the image resolution. The
photo quality depends both on the smartphone camera and on the user’s
attentiveness. This can lead to partially blurry photos, especially when
capturing small plants. For the purposes of the present study, the camera
quality was deemed sufficient, and a higher-quality camera would not
have resolved the issue of plant stratification. The smallest plants,
mainly weeds, were also consistently distinguishable from crops. For
future work, especially if focused on identifying individual weed species,
a higher image resolution could be beneficial for accurately classifying
small individuals. Nevertheless, a novel aspect of this study lies in the
decision to use devices that are inexpensive, widely accessible, and
require no post-processing (e.g., corrections from drone imagery). A
current and valid application of the tool is related to double-checking
soil cover values or values of vegetation in the first layer of the image.
If general vegetation cover is of interest, then the program as of now has
a great potential of reducing inaccuracy of observations with a reason-
able time investment (10-15 min). Moreover, it is worth underlining
that the tool is currently not trained for the task at hand: specifically,
while VegAnn integrates in-domain knowledge and is capable of sepa-
rating vegetation and soil, the same does not hold for SAM. Although
SAM Base effectively assists the user, a segmentation tool trained with
more specific knowledge (e.g. segmentation masks per species) likely
represents a further step in making the annotation process more effi-
cient, reducing the annotation times and enabling quicker cover esti-
mates. Future developments of the program include the training of
segmentation models for automatic annotation, which the authors are
already working on with promising results.

5. Conclusions

The present study investigated the effect of observer experience and
vegetation complexity on inter-and intra-observer error and whether
inter-observer error could be reduced with an Al-tool, developed ad hoc
for this study. The tool was able to effectively correct data from the
novice observer, who had the highest intra-personal error. At low
vegetation cover the tool reliably improved estimation of all categories,
while further tests are needed to verify its performance at high vegeta-
tion covers. Overall, these findings provide a promising foundation for
more precise and standardized vegetation mapping in both ecological
and precision agriculture contexts. Although the current version of the
tool still requires a time investment that may not be justified for expert
observers, it already represents a valuable aid for reducing variability
among less-experienced users. With further development, particularly
through automation and the expansion of the image database, the tool
could ultimately replace in situ visual assessments, requiring operators
only to capture field photographs. Future work will focus on training the
tool to recognize individual arable weed species and on integrating
hyperspectral imagery to address species-specific identification chal-
lenges that cannot be resolved through standard 2D imagery (e.g.,
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Appendices

A. Typical explanation of visual cover estimations in the field

Looking at the sampling frame (which represents 100 % cover), we practice dividing it in two (50 %), then in four (25 %) smaller areas. The 25 %
and 10 % reference categories are commonly used thresholds in field-based vegetation surveys and provide a practical visual scale that balances
estimation accuracy with observer consistency. These percentages are large enough to be visually meaningful and comparable among observers, while
still allowing finer differentiation when estimating the cover of dominant or subdominant species. We know that 10 % of the specific frame (70 cm x 50
cm) is equivalent to either a 7 cm width (about four fingers) by the total height of the frame or to about a 15 cm x 20 cm area (corresponding to an open
hand, palm down, with the thumb pointed out). Following the same logic, we know that 1 % of that specific frame is 5 cm x 7 cm. The smallest possible
value we can reasonably estimate is 0.01 %, about 0.5 cm by 0.7 cm (~1 cm) or the size of a fingernail. We then practice assigning the vegetation to
different cover categories: for example, if a species has a high coverage, we know we can use areas >10 % and even >25 % without having to deal with
picturing tiny “pixels” in our frame. If we encounter 1 or few small individuals, we can gauge the cover using our fingernail as a reference and multiply
that number (0.01 %) by the number of individuals that we see. We practice “moving” the vegetation around in our frame so it is all clustered in an
area to which we can give a cover value. Though this may seem difficult, it is easier to mentally shift the vegetation prior to giving a value rather than
adding up single values throughout the sampling area which also requires moving our eyes more frequently and potentially getting distracted or
fatigued.

B. AI model size and granularity effect on precision and recall

SAM Base with fine-grained masks (Base-High: Table B.1, row Base, column High) is the best in terms of P across both times (T1 and T2). SAM
Large-High is the second-best combination, with a small decrease in performance. The high precision (>90 % in most cases) means that the masks
suggested by these models contain for the most part correct pixels, i.e. when annotating for a specific class, they do not include pixels belonging to
other classes. This is advantageous when using the annotation tool, as annotators do not need to use the manual brush tools to remove unwanted
pixels. The usage of fine-grained masks (High) leads to higher P, and the difference in performance with coarse masks (Low) is especially striking for
the classes with smaller leaves (Weeds and Lentil).

The result on P is also explained by the Recall values (Table B.2). In fact, using fine-grained masks (High) leads to much lower R than variants using
coarser masks (Low), on both annotation times. For instance, for ALL, the three High variants achieve 41.9-50.9 % R in T1 and 61.3-66.4 % R in T2.
This is significantly lower than the Low granularity variants, which reach 88.8-89.3 % R in T1 and 95.4-96.5 % in T2. This means that, although SAM
Base and Large using fine-grained masks are quite precise in selecting correct pixels, they do so at the expense of annotating fewer pixels. Although this
means fewer manual brush strokes for the annotators to remove unwanted pixels, it may require additional clicks or manual annotations for them to
cover all the desired pixels for the class.

SAM Huge records the highest Recall values for Buckwheat and Lentil at T1, and the second highest R values for all classes at T2. However, the
increase in model size, memory requirements, and computational resources needed to run SAM Huge, does not justify its use instead of SAM Large or
SAM Base.

Table B.1

Comparison of nine combinations for the SAM component of our annotation tool. Three SAM variants (Base, Large, Huge) with three granularities (Low, Mid, High) are
tested on both annotation times (T1 and T2). Performance is reported using Precision both in aggregated form (ALL) and per class (Weeds, Buckwheat, Lentil). The best
results for each time and class are bolded and underlined, the second-best results are bolded.

P ALL Weeds Buckwheat Lentil
Low Mid High Low Mid High Low Mid High Low Mid High
T1 Base 97.3 98.7 99.2 61.8 83.5 88.1 86.0 96.0 98.1 68.2 83.3 91.1
Large 97.4 98.2 98.9 67.4 84.4 85.0 85.8 93.8 97.8 65.8 74.9 87.2
Huge 97.3 98.1 98.8 69.4 83.5 83.9 87.6 94.1 97.2 69.3 75.3 86.7
T2 Base 96.4 98.6 99.0 65.3 88.5 94.4 83.7 97.0 98.0 74.4 88.4 94.5
Large 96.8 98.4 98.9 74.8 87.5 93.9 83.6 96.4 97.7 68.2 78.5 93.3
Huge 96.5 98.3 98.9 76.5 89.6 92.8 83.0 96.0 97.7 70.4 75.5 92.8
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Table B.2

Comparison of nine combinations for the SAM component of our annotation tool. Three SAM variants (Base, Large, Huge) with three granularities (Low, Mid, High) are
tested on both annotation times (T1 and T2). Performance is reported using Recall both in aggregated form (ALL) and per class (Weeds, Buckwheat, Lentil). The best
results for each time and class are bolded and underlined, the second-best results are bolded.

R ALL Weeds Buckwheat Lentil
Low Mid High Low Mid High Low Mid High Low Mid High
T1 Base 89.3 66.2 41.9 25.2 29.4 17.5 81.6 63.4 42.3 62.8 61.6 38.0
Large 89.1 78.3 48.1 27.8 30.8 20.3 80.0 73.8 46.0 60.0 65.5 47.3
Huge 88.8 77.1 50.9 28.7 30.6 221 83.4 71.8 47.1 61.9 66.6 51.5
T2 Base 96.5 80.4 61.3 23.5 45.9 31.0 86.4 72.3 56.8 76.5 85.4 64.4
Large 95.4 82.6 65.2 25.6 50.0 34.6 77.2 69.0 60.0 74.6 84.3 68.8
Huge 95.9 83.2 66.4 28.6 47.5 35.7 78.9 67.2 60.1 75.8 85.0 71.8

C. Overall observer effect
Fig. C.1 shows the overall offect of observer types on the cover estimation of soil, buckwheat, lentil, and weed. In general, observer type can be
discerned for all cover categories and the values estimated by the two human observers are close.
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Fig. C.1. Overall effect of observer type on soil, buckwheat, lentil and weed cover (%).

D. Effect of observer type on the estimation of cover type averaged across cropping system and growth stage
Fig. D.1 provides a more in-depth analysis of the effect of the cover type, cropping system, and growth stage on cover estimation.
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Data availability

Data will be made available on request.
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