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Trends

- Image analysis techniques and tools are used by a large proportion of the plant
science community.

- Existing tools address a large proportion of current needs.

- Validation and benchmarking of these tools is variable and often overlooked.

- Long term maintenance of these tools is not always ensured.

Abstract

Image analysis has become a powerful technique for most plant scientists. In
recent years, dozens of image analysis tools have been published in plant
science journals. These tools cover the full spectrum of plant scales, from single
cells, to organs and canopies. Yet, the field of plant image analysis is still in its
infancy. It still has to overcome important challenges, such as the lack of robust
validation practices or the absence of long-term support. In this essay, | will (i)
present the current state of the field, based on data coming from the plant-image-
analysis.org database, (ii) identify the challenges faced by its community, and (iii)

propose workable ways of improvement.

Images as data in plant sciences

With the advent of affordable image acquisition devices (e.g. the Phenotiki project,

http://phenotiki.com) and the development of more specialised ones [1], images have
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become a commonly used data type in plant sciences [2]. From root systems [3—6] to
single leaf venation and shape [7—9], complete shoots [10-12] or electrophoresis gels,
many plant scientists are likely to generate at least some images as part of their
research pipeline. As a direct result, more than 140 different plant image analysis tools

are now available for the community [13], and this figure is still growing.

An overview of the development of a plant image analysis tool.

Development of plant image analysis tools often follows a bottom-up dynamic. The
implementation of novel phenotyping methods [14], or the acquisition of new imaging
devices [15] are drivers in the development of such tools. A large proportion of these
tools are developed, at least in part, within plant research groups (Key figure 1A), most
of the time by a non-permanent (early career) researcher , such as PhD students or
postdocs (Key figure 1B).

During the development process of a novel image analysis tool, two key goals
have to be achieved: (i) does it work (validation, see Glossary), and (ii) does it work
better than any existing tools (benchmarking). If both answers are positive, then the
tool is usually made freely available to the scientific community, sometimes under an
open-source licence (Key figure 1F). This release is often coupled with a scientific
publication presenting the new tool. Nevertheless, some tools (the amount of which is
unclear and hard to quantify) are never released to the community or described in a

formal publication.
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Unlike classical research projects in plant sciences, the presentation of an image
analysis tool in a scientific paper should not be the end point of the project. As for any
software solution, the publication, its official introduction to the scientific community, is
only the beginning of the life of the tool. Following that introduction, the community will
ideally use the tool . This implies that some level of support and maintenance is
expected from the developers, hopefully for many years.

Here | will discuss two challenges faced by the plant image analysis community:
the validation and the long-term maintenance of software tools. | will also propose
workable ways of improvement at a minimal cost. What | will not discuss are the

technical programming issues, as this has been well covered recently [16,17].

Validation and benchmarking: a never ending story

In essence, validation of an image analysis tool is a simple one-step procedure: it
consists of comparing its output with real measurements (ground-truth, see Box 1 for
discussion). Ideally, this comparison should be done using a large dataset, to ensure
that the tool is working correctly over a wide range of images. In theory, the validation
step should also define the intrinsic limitations of the tool, and identify which type of
images cannot be analysed. This is as important as the validation itself, especially for
fully automated analysis pipelines where the user input can be restricted to loading the
images into an “analysis black box”, with no quality control of the analysis. In such
cases, a tool that was developed for seedlings could be used to compute a mature root

system, which can lead to non-predictable, potentially significant errors [18].
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In practice, this simple validation step is hampered by the difficulty of finding
good quality ground truth datasets. Such dataset can be created by manually (or semi-
automatically) measuring experimental images, but this can be highly time consuming
for complex objects (such as entire shoot or mature root systems). Another strategy is
to use artificial images (as similar as possible to real ones) created using modelling
tools (Key figure 1C). In the past, only a limited number (< 50) of images were used (fig
. 1D), often for a limited number of species and developmental stages, which is likely to
lead to incomplete validations. In addition, these images were never shared with the
community, except for a few examples (Key figure 1F, [15]). So, instead of expanding
existing ground-truth datasets with new images, each new tool validation is a one-shot
exercise that neither benefits from previous development nor is used in future ones. For
a handful of published tools, comparison with previously published tools was used as
validation (Key figure 1C). Such validation is, by nature, incorrect as it does not evaluate
the ability of the tools to predict the ground-truth. It might even lead to a propagation of
errors from one tool to the next. More concerning is that 29% of the papers references
on the plant-image-analysis.org database did not contain any type of validation (Key
figure 1C).

Whenever a tool is introduced as an improvement over an existing one, a
benchmarking analysis should be presented with the article. This is important, because
any new tools should perform no worse than previous ones. In this case, better
performance could mean many things: a higher accuracy, faster algorithms, an
increased number of extracted variables or an improved user interface. Today, the main

limitation when benchmarking accuracy (or speed) of a new tool, is that, as | stated
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earlier, there are almost no standard datasets available (not only for the images, but
also the corresponding ground-truth). In today’s situation, performing a benchmarking
analysis means using all the previous tools on a new dataset to compare them with the
new tool. Again, the absence of shared image datasets hampers this important step and
even discourages developers to perform any benchmarking (in-depth benchmarking are
rarely shown).

Here, editors and reviewers, as gate-keepers of the publishing process, have the
leverage to improve the situation, by systematically requiring proper validation and

benchmarking for any new image analysis tool.

Large, shared datasets for better tools

Here | would like to propose a handful of practices that have the potential to improve the
validation of plant image analysis tools and benchmarking. As stated above, the main
limitation is the lack of freely available ground truth image dataset. Fortunately, several
solutions exist to improve the current situation (Box 2).

Validation datasets need to be bigger and cover larger range of scales. | believe
plant models have the potential to create such datasets as they can be used to
generate an unlimited number of images, with their corresponding ground-truths. These
models already exist for complex plant objects such as roots [19-21], shoots [22,23] or
organs [24,25] but so far have been rarely used as validation dataset [18]. For images
produced with modelling tools thresholds can be set, which can be used to estimate the

error linked to the intrinsic structure of the analysed object. For situations where the
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environmental noise from the experimental setup needs to be reproduced with
accuracy, mock-up plants or computer-generated structures can be 3D printed and
imaged in realistic conditions. Although it might be complicated to reproduce the exact
same conditions (e.g. light reflectance of leaf is not the same as of synthetic material), it
can provide a good approximation.

Sharing images is another way to increase the size of validation datasets. In an
ideal world, any phenotyping dataset, not only the ones used for a specific validation,
should be accessible to the community. It would allow future tools to be tested on a
wide variety of plants, plant growth stages and imaging conditions. Data sharing is even
more critical with the advent of machine learning in plant image analysis [26,27]. The
accuracy of these algorithms indeed depends on the quality and amount of the data
used for training. They would therefore highly profit from shared, ground-truth dataset.
In addition to the images that were successfully analysed using the new tool, | believe it
is also useful to share the image that cannot (and should not) be analysed. This is
important for future users to fully understand the limitations of the tool in order to use it
correctly.

Sharing images alone is not enough for an efficient recycling. For each image
additional data need to be attached. Firstly, the experimental setup needs to be
described [28]. Secondly, the image acquisition protocol needs to be carefully
described, as subtle changes (e.g. image compression) have been shown to lead to
significant differences in the image analysis [29]. Finally, and probably the most
important point regarding the development of plant image analysis tools, the extracted

data needs to be associated with the images. This data has to be attached in a parsable
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format (e.g. the Root System Markup Language [30]) so it can be reused for further
analysis. Non-parsable formats such as Portable Document Format (PDF) should be
avoided at all cost since they can hardly be reused in analysis pipelines. Such datasets
can be hosted on either generic platforms (see table 1 for examples) or specialised
repositories such as DIRT [6], ClearedLeavesDB [31] or the Leaf Phenotyping
Challenge [32]. To centralise and reference such datasets, a new section was recently

created on the plant-image-analysis.org website (http://www.plant-image-

analysis.org/dataset). At the time of publication, this new section referenced 25

datasets, totalling more than 1,700,000 images.

Ultimately, image and data sharing is a responsibility that rests on the shoulders
of the whole plant science community, rather than just the scientists producing the data.
Publishers, editors and reviewers are the drivers that have the power to enforce data
sharing at the time of publication. As an example, researchers who signed the Peer
Reviewers’ Openness Initiative pledge not to review manuscripts unless the underlying
data is made public (when possible) [33]. Several publishers (such as BioMed Central,
eLife or the Public Library of Science) already include a data sharing obligation in their
publication guidelines, but they remain marginal in the publishing landscape. Such
enforcement has been done in the past for genomic data and lead to the creation of a
huge resource for the scientific community (e.g. EBI-ArrayExpress host data from 1.5

million essays [34]). | believe the same should be done for image data.
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Lack of incentive threatens long term maintenance.

Long-term maintenance of a software tool is not straightforward within academia. For
one thing, maintenance in itself is hardly rewarded by traditional means, as it does not
lead to a formal publication. In theory, tools that are well maintained are more likely to
be used by the community, which might generate citations for the associated paper.
Updates, when substantial, might lead to the writing of a new paper, but this is rarely
observed. As such, the maintenance is usually solely based on the goodwill of the
researcher who developed the tool. Long-term maintenance is further jeopardised by
the fact that most developers are non-permanent researchers (PhD students or
postdocs, Key figure 1A). After a few years, it is likely that the developer is no longer in
the group that initially needed the tool. The maintenance then becomes harder to
sustain with the increasing lack of incentive.

In situations where the tool is robust and well documented, it might survive a few
years on its own. However, as operating systems get major updates and languages
become deprecated, its backward compatibility might not be ensured. After a few years,
without maintenance and updates, there is a fair chance that it will stop working. In a
survey asking if the tool was still maintained, 60% of the tools’ corresponding authors
either did not respond or answered negatively (Key figure 1H). As a direct
consequence, in some fields, development of new tools is needed due to a premature

obsolescence of existing ones.



193 The lack of incentive for long term maintenance is an issue common to all

194  scientific software tools [35] (Box 3). Recently, to tackle this issue, a web platform

195 (www.depsy.org) was created to quantify researchers’ participations in software tool

196  development and maintenance [36]. Although Depsy is currently limited to Python and R
197  tools, it opens a window on better valorisation of scientific programming at large by

198  providing a quantification of researchers’ involvement. Other initiatives exist to increase
199 the incentives, such as the Software Sustainability Institute, that aims at “cultivate

200 better, more sustainable, research software to enable world-class research”

201 (https://www.software.ac.uk). Ultimately, what is needed is an explicit valorisation of

202 software tool maintenance and development by grant and promotion committees.

203 External hosting platform for longer lifespan

204  Even without better incentives, the lifespan of plant image analysis tools can be

205 potentially increased using existing solutions. Here, two different issues need to be
206 addressed: (i) the long-term availability and (ii) the long-term maintenance.

207 Today, many solutions exist to freely distribute stable versions of codes and
208 software solutions. Here, | would like to strongly advertise in favour of external, open,
209 hosting platforms (table 1). Hosting a tool on a dedicated webpage (e.g. on a personal
210 or research group website) is, in theory, a good solution. However, there is a risk that
211 the original link to the webpage changes over time (e.g. update of university website,
212  change of website content manager or change of group name), leading to a

213  disconnection between the original publication and the tool. As an example, out of the

214 97 academic tools from the plant-image-analysis.org database, 15% of the links
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referenced in the papers were no longer active (Key figure 1G). The external platforms
presented in table 1 are less likely to suddenly disappear or change in the near future,
as they gather millions of users worldwide. In addition, these platforms provide other
useful capabilities, such as backup, version control, and collaboration management, all
of which ensure a better sustainability of the code. Since recently, Github (Table 1) also
offers the possibility to permanently store code versions on Zenodo (Table 1), and
therefore to associate them with a Digital Object Identifier (DOI). Other tools, such as
Docker have been developed to ensure a better, easier and more stable dissemination
of software tools [37].

The hosting platforms listed in table 1 strongly encourage users to share their
code with the community. Different types of open-source licences are available (e.g.
MIT, Apache Licence 2.0, GNU GPLv3) to accommodate specific needs and
restrictions. Sharing the source code at the time of publication means that the whole
community can help improve, test, and maintain the new tools. However, this is not
currently the case in the plant science community and such a collaboration culture
needs to be pushed forward. Pushing a step further, in addition to having the code
stored on an external platform, tools can be deployed through Cyberinfrastructure
projects, such as CyVerse (formerly iPlant) [38]. Although Cyberinfrastructure projects
face specific challenges [17], they have the potential to ensure a longer lifespan for the
tools they host, as they are, in theory, independent of operating systems and supported
by external funding and grants. The DIRT project [6] is a successful example of an
image analysis pipeline that is deployed as a free online service. It is now used by 213

scientists worldwide (with an average growing rate of 1 new user every 3 days) and the
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development team is growing from 1 researcher to 1 software engineer, 1 post-doc and

2 to 3 PhD students (A. Bucksch, personal communication).

Concluding Remarks and Future Perspectives

There is no doubt that plant image analysis software is central in the plant biologist’s
toolbox, as reflected in the number of tools published in the recent years. However, the
field of plant image analysis is still in its infancy and suffers from two main weaknesses:
a lack of strong validation (and benchmarking) and a lack of long-term maintenance.
However, | believe that simple steps can be taken to improve the current situation.
Theses steps include creating and sharing better validation datasets as well as sharing
and hosting codes on external, long term, platforms. | also believe such measures
should be enforced by publishers and reviewers as they are the current gatekeepers of

scientific publications.

Outstanding questions

e Can we (users, developers, reviewers and publishers) adopt publication
standards to ensure a better validation and benchmarking of plant image analysis
tools?

e Can we, as a community, ensure long-term maintenance of plant image analysis
tools, despite the lack of structural incentive to do so?

e Can grant and promotion committees explicitly consider maintenance and

improvement of existing tools in their evaluation?
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Key Figure 1. Overview of the development of plant image analysis tools. Data are
coming from the papers referenced on the plant-image-analysis.org database
(C,D,E,F,G) and from a survey send to the corresponding authors of the papers
presenting the different tools (A,B,H). It should be noted here that these data are
restricted to published tools, probably ignoring a large portion of tools that were never
made public. All data and codes used for this figure are available at

https://doi.org/10.5281/zenodo.168216
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Table 1. Example of repositories for sharing large data sets and codes

Name

ZENODO

FIGSHARE

DRYAD

ClearedLeavesDB

DIRT

Github

Bitbucket

Sourceforge

CyVerse

Primary

use

data

data

data

leaf data

root data

code

code

code

Data

URL

www.zenodo.org

www.figshare.org

www.datadryad.ord

clearedleavesdb.org

dirt.iplantcollaborative.org

www.github.com

www.bitbucket.org

www.sourceforge.net

www.cyverse.org

Price *

free

free

1209%/

submission

free

free

free

free

free

free

Size limitation

50GB / dataset

5GBf/file

20GB

(expandable)

200GB/user

200GB/user

1GB

1GB

(?)

1TB/dataset

Possibility to

have a DOI

yes

yes

yes

no

no

yes

no

no

yes

(*) Price are given for public datasets / codes. Price for private dataset / codes might differ



367 Box 1. Ground-truth is a complex concept

368 Image analysis aims at estimating properties (e.g. size, shape, number) of objects
369 contained within images. The measurement made by the analysis algorithm must
370 therefore obtain results as identical as possible as the true nature of the represented
371  object (the ground-truth). For instance, for a sphere, the diameter estimated from a
372 picture of the said sphere should be identical as its true diameter.

373 This is where the complexity of the ground-truth arises: how do we defined the
374  true diameter of the sphere? Different options are possible: (i) we can measure the
375 physical object (e.g. with a caliper), (ii) we can manually measure the object in the
376 image (e.g with a line drawing tool) or (iii) we can create a computer model of the
377  sphere, with a known diameter, and create an image from it. Unfortunately, none of
378 these methods are perfect. Measuring the physical object is prone to human errors.
379  Manually measuring the image is prone to both human errors and image distortion
380 during the acquisition process. Modelled images are usually noiseless, and therefore
381 likely to be unrepresentative of the experimental images.

382 Thus, defining the ground-truth of an image is not straightforward, especially for
383 complex objects. The methods used for ground-truthing should therefore always be
384 described, to avoid misinterpretations

385

386
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Box 2. Better validation and longer maintenance: some guidelines
Better validation

Larger datasets

- Use modelling tools to generate images

- Use 3D-printed models imaged in conditions as realistic as possible

Share datasets on a public repository:

- Images that work, but also some that do not work with the tools
- Information about the experimental conditions

- Information about the image acquisition

- Ground-truth data in a parsable file type

Longer lifespan

- Make the tool freely available for the community

- Open the code and store it on a public repository

- Create a stable version of the tool at the time of publication.

- Embed the tool in a Cyberinfrastructure Project, such as CyVerse

- Provide ample documentation on how to install and use the tool
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Box 3: Short software lifecycle: a common theme in scientific computing

Lack of sustainability, reproducibility and long-term maintenance is not a challenge
specific to plant image analysis tools. The scientific computing community at large is
affected by the issue [39-40]. Several projects have emerged to face the problem, such
as the Software Sustainability Institute in the United Kingdom [41] or the Software

Carpentry Foundation in the United States (https://software-carpentry.org/). The aim of

both organisations is to improve computing skills in the scientific community at large and

promote scientific software.

Several factors have been identified as critical to increase the software lifecycle [40-41]:

The technical debt of the developing team: many scientific software developers

are not trained computer scientists. This might lead to technical limitations in the

tool development that might be difficult to overcome and lead to the arrest of the
project.

- Lack of long-term project management: computing projects are often seen as
side projects and are not given enough importance in the lab. Proper
management, as for any other type of research, is needed.

- Lack of proper validations and quality controls

- Lack of sufficient documentation
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Glossary

Validation: The validation step aims at determining how well a specific tool is able to
describe the analysed object.

Benchmarking: Benchmarking a new tool consist of comparing its performance with
existing tools. Performance can take different meanings, such as the accuracy of the
measurements, the speed of the analysis or the ease of use.

Ground-truth: The ground-truth is the true nature of the object represented in the

image. See Box 1 for details.
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