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Roots are essential for acquiring water and nutrients to sustain and support plant growth and anchorage. 
However, they have been studied less than the aboveground traits in phenotyping and plant breeding until 
recent decades. In modern times, root properties such as morphology and root system architecture (RSA) 
have been recognized as increasingly important traits for creating more and higher quality food in the 
“Second Green Revolution”. To address the paucity in RSA and other root research, new technologies are 
being investigated to fill the increasing demand to improve plants via root traits and overcome currently 
stagnated genetic progress in stable yields. Artificial intelligence (AI) is now a cutting-edge technology 
proving to be highly successful in many applications, such as crop science and genetic research to improve 
crop traits. A burgeoning field in crop science is the application of AI to high-resolution imagery in analyses 
that aim to answer questions related to crops and to better and more speedily breed desired plant traits 
such as RSA into new cultivars. This review is a synopsis concerning the origins, applications, challenges, 
and future directions of RSA research regarding image analyses using AI.

Introduction
World food insecurity and malnourishment continue to drive 
agricultural breeding efforts to produce higher quality and 
increased quantities of crops with less land and fertilizer as 
human populations profoundly increase. The “First” Green 
Revolution emphasized genetic improvements through breed-
ing for aboveground plant traits such as yield and standability 
while largely ignoring the below ground traits and concomi-
tantly used new technologies such as synthetic chemical fertil-
izers, pesticides, and herbicides, updated heavy equipment for 
more automated agricultural tasks, and more efficient irrigation 
practices [1]. Plant breeding is currently on the cusp of the 
“Second Green Revolution”, which is described as the improve-
ment of plants (especially root systems) through their abiotic 
stress tolerance and nutrient/water acquisition/usability and 
efficiency [2]. The First Green Revolution focused on high input 
systems and maximum yield potential, while the Second Green 
Revolution will increase yield potential in lower input systems. 
The new emphases on previously unstudied root traits such as 
their architecture, morphology, efficiencies related to water, 
nutrients, and tolerance to degraded (low fertility) or toxic (salt, 
acidity, etc.) soils have come to the forefront of research in hopes 
that the same gains achieved with breeding for aboveground 

traits can be realized by breeding for optimized root systems. 
The advent of computer-assisted techniques to study root sys-
tem architecture (RSA), such as computer vision (CV) and 
artificial intelligence (AI) methods, including deep learning 
(DL), coupled with the increased processing ability of modern 
computers to deal with large amounts of data efficiently has 
ushered in a new era of RSA research. CV refers to the inten-
tional application of user-defined algorithms to process digital 
imagery through methods such as thresholding pixels based 
on color or counting pixels. On the other hand, AI methods 
make use of the concept of training in order for computers to 
solve problems without user-defined algorithms. Here, we out-
line the importance of roots in agriculture and provide a frame-
work to understand the applications and future directions for 
CV and AI in root research.

Why Roots?
Plant roots serve many functions, such as the mechanical/structural 
support of the aboveground material, as acquisition organs 
for water and nutrients, as storage areas that support perennial 
growth, and as the symbiotic interfaces for relationships with 
other organisms such as nitrogen-fixing and other bacteria, 
mycorrhizal fungi, and other subterranean microbes. Plant roots 
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also serve as a soil conservation apparatus where roots reinforce 
soil by increasing its tensile strength [3,4]. In the case of perennial 
roots, such as alfalfa, soil can be strengthened to depths over 
6 m [5] and deposit more soil carbon at greater depths than 
many shallow-rooted plants (especially annuals) such as maize 
(Zea mays L.) and soybean (Glycine max L.). Therefore, breeding 
plants to have a specific root ideotype (or ideal phenotype) for a 
specific benefit(s) is advantageous [6]. Examples include breeding 
efforts that seek steep-angled roots for increased mobile resource 
acquisition, such as water and N for cereals [7], shallow-angled 
roots for immobile P, or deep root systems capable of increased 
C sequestration at greater depths resulting in improved soil 
structure, and water and nutrient retention [8]. Furthermore, the 
greater depth of plant root systems also gives plants more flexibil-
ity in drought times with the ability to reach or maintain contact 
with a declining water table [9]. Developing crops with root sys-
tems that can acquire more water and nutrients would directly 
improve food security and economic development in poor nations 
and would improve the sustainability of agriculture in rich nations 
by reducing reliance on intensive fertilization and irrigation [10].

Breeding efforts to produce root ideotypes with specific 
functions such as optimized nutrient or water acquisition and 
tolerance to stresses such as salt, drought, or acidic soils are 
conscribed by several root properties, including root mor-
phology, root topology, root distribution, and RSA. Root 
morphology refers to the surface features of a single root and 
the characteristics of the epidermis, including root hairs, the 
pattern and appearance of daughter roots (primary, second-
ary, and tertiary lateral roots), the root cap, undulations of 
the root axis, cortical senescence, and root diameters [11]. 
Root topology refers to the way in which constituent roots of 
the root system are connected to each other in terms of their 
axes and branching. Topology is stable to deformation or rota-
tion of the axes and can therefore be measured from excavated 
root systems. Root distribution is concerned with the pres-
ence of roots (not their orientations) in a positional gradient 
or grid, and typical studies involving distribution are interested 
in root biomass or length as a function of other qualities such 
as soil depth, distance from the stem, and position between 
neighboring plants [11]. RSA refers to the spatial configura-
tion of the entire root system or large subsets of individual 
plants (the explicit geometry of root axes) and not its fine 
structural details, component parts, or singular elements 
(morphology and topology) such as root hairs. RSA is the 
spatiotemporal arrangement and the complex assemblage 
subunits of the root system that has functional significance 
and describes distinct aspects of the shape of root systems 
[11]. RSA is descriptive of the entire root system, such as 
multiple axes, and supersedes both topology and distribution 
in that both topology and distribution are known if architec-
ture is known; however, neither topology nor distribution 
can be used to derive architecture (which is quite complex 
in mature plants). Figure 1 illustrates the differences in RSA 
between monocotyledons (monocots) and dicotyledons (dicots) 
using maize and alfalfa as examples; however, RSA varies 
considerably between species, among genotypes and pheno-
types of specific species, within different parts of individual 
root systems, and through time as root systems mature and 
grow in complexity.

Several authors interested in RSA have commented that the 
largely unseen qualities of roots are a fertile, yet often over-
looked [11–15], understudied or rare [16,17] research topic 

when it comes to producing phenotypes of crops with more 
desirable traits. Plant breeding has confounded the relation-
ships between root traits and shoot/leaf traits [18] such as 
breeding for increased grain yield that resulted in increased 
stem and root lodging in wheat, barley, and oats [19]. Plants 
such as alfalfa, bred for aboveground biomass, may have ignored 
the importance of roots, their structure, and overall contribu-
tion to the function and success of the selected lines [14]. On 
the other hand, evidence exists that aboveground selection led 
to indirect selection on efficient root trait values [20]. While 
many breeding studies have seen correlations between root 
and leaf area or nutrient concentrations [21], other correla-
tions between root traits such as root length and aboveground 
traits such as leaf area or nutrient content do not always exist 
[18]. In general, root mass and shoot mass are expected to be 
correlated because of plant allometry, but this pattern seems to 
be disrupted because of domestication and root plasticity from 
environmental stresses.

Observing, quantifying, and interpreting the spatiotemporal 
root structure and growth habits of the belowground portion 
of plants have been a major limitation to breeding efforts and 
high-throughput phenotyping that focuses on improving root 
traits [15]. Roots by their very nature are obscured by soil or 
opaque growing mediums that can cause high amounts of back-
ground noise in images or scans of in situ roots and root sys-
tems. In addition, some plants like alfalfa can have root systems 
over 15 m in depth [22], and the scale of the root system 
becomes a limiting factor to studies interested in capturing 
images of that system in its entirety.

Fig. 1. Monocotyledon (monocots) and dicotyledon (dicots) root systems. Root and 
shoot scales are exaggerated for detail. Taproots also called radicle and primary root 
in some literature (see [112] for detailed plant root system architectural taxonomy 
discussion).
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Root Acquisition
Methods of root material acquisition for RSA measurements 
fall along a continuum based on the degree of destruction and 
removal of roots from the growth environment (destructive to 
nondestructive). Root harvesting, which is the physical removal 
of large portions or nearly entire root systems, is the most inva-
sive and destructive method of root acquisition and allows for 
3-dimensional (3D) visualizations after the removed materials 
are washed of soil or growth media and imaged with a variety 
of possible sensors [most commonly flatbed scanners and red–
green–blue (RGB) cameras; Table]. Scanning washed roots on 
flatbed scanners with transparency units while suspended in 
water may be the most standard method, but has limitations.

Oft-cited methods of root harvesting are shovelomics [23,24], 
trenching (pioneered by [25]) [18], and coring [26]. These meth-
ods are labor-intensive and shovelomics, for example, requires 
destruction of the growth environment and removal of the 
sample plants by removing the root crown. Trenching is less 
destructive in that the plant and its root system are exposed but 
not removed. Coring, while still destructive to individual roots, 
does not kill the sample plants, whereas shovelomics certainly 
does (unless transplanting occurs) and trenching severely per-
turbs the growth environment and exposed roots. Investiga
tions that use shovelomics and trenching are limited in scope to 
root crowns and shallow portions of root systems and do not 
allow incremental growth to be studied as with nondestructive 

methods. However, shovelomics and trenching do allow for por-
tions of plant root systems to be analyzed with their architecture, 
morphology, topology, and distributions intact, as opposed to 
limited sections of roots with coring with the positive caveat of 
greater sample depths than shovelomics or trenching achieve. 
Although shovelomics offers more complete viewing of root 
crowns, removing large portions of the root system via shovelo-
mics from the growing medium and subsequent washing of the 
roots may result in the loss of fine materials such as root hairs 
and other fine root materials. Another issue with removing 
plants from the substrate is that the in situ orientations, espe-
cially of lateral roots, are likely to deviate in the absence of the 
buttressing effects of soil or growing medium they originated 
from. In contrast, nondestructive techniques for image acquisi-
tions do not require plant roots to be removed from their growth 
environment.

Nondestructive techniques can be in either noninvasive or 
minimally invasive categories, where the former involves data/
image acquisitions that do not damage plants and the latter 
acquires data via small perturbations of growth or minorly 
damages plants [27]. There are several advantages to some non-
destructive imaging techniques such as the ability to conduct 
time-series analyses (4D) and to observe growth habits without 
disturbing (or minimally disturbing) the plant. 2D or (2D + 
time series) methods such as rhizotrons or minirhizotrons 
allow time-series data to be collected, which allows for incre-
mental growth, growth habits, and other underground growth 
activity such as nodulation and mycorrhizal activity to be 
observed [28]. While noninvasive, field direct 3D techniques 
such as ground-penetrating radar measurements of fine root 
materials and root hairs are not possible because of the technol-
ogy's lack of resolution [29]. However, the use of other sensors 
such as electromagnetic resistance, magnetic resonance imag-
ing (MRI) [30], positron emission tomography (PET) [27], 
x-ray computed tomography (x-ray CT) [31], and neutron 
tomography (NT) [32] have been successful in greenhouse and 
laboratory environments. Nevertheless, nondestructive meth-
ods fail to sample portions of a plant’s root system due to the 
fine nature of some root material or root hairs, root water 
content, the presence of para- and ferromagnetic background 
materials that interfere with scans, because of the opacity of 
soil, or the limited area of the soil and root interaction that are 
sampled. In addition, roots often grow along the path of least 
resistance, so it has been suggested that roots grow along win-
dows, possibly skewing aberrance and distribution data. 
Because of the difficulties with nondestructive techniques, 
a combined approach that involves both the removal of plants 
from their growing substrate and AI techniques that analyze 
root system images is growing in use, where images of root sys-
tems acquired by shovelomics are analyzed with the aid of 
computers using machine learning (ML) technologies These 
techniques have been applied to several major agricultural 
crops and plant types in studies concerning roots and RSA, 
such as alfalfa [14,17,33], apple (Malus domestica) [34], cotton 
(Gossypium herbaceum L.) [35], maize [36,37], millet (Setaria 
italica) [38], rice (Oryza sativa L.) [39,40], and soybean [16].

Root Image Analysis Using AI and ML
A strength of AI and ML techniques is the in silico ability to 
detect, classify, quantify, and predict a multitude of features and 
patterns from disparate data in ways and amounts that are not 

Table. Summary of common methods for plant culture and root 
phenotyping

Plant growth 
location Root phenotyping method Destructive

Laboratory Growth and luminescence 
observatory for roots 

(GLO-roots)

No

Rhizophonics (liquid-based) No

Laboratory/
greenhouse 
hybrid

Tomographic (x-ray, PET, 
MRI, etc.) (3D image)

No

Rhizoslides (paper-based) No

Rhizotrons (preinstalled flat 
surfaced root windows)

No

Clear pot method (transpar-
ent pots filled with soil)

No

Greenhouse Rhizoboxes No

Washing roots from pots Yes

Root towers No

Greenhouse/
field hybrid

Root crown excavations (or 
shovelomics)

Yes

Field Soil coring Yes

Trench excavations Yes

Rhizolysimeters Yes

Minirhizotrons (installed 
after plant growth via 

coring)

Yes
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possible by unaided humans. In addition, as ML techniques 
grow in popularity, their flexibility and scalability are propelling 
their applications into formerly unrelated fields and topics. ML 
applications can be found in many aspects of society with 
recognition and predictive analytics, chatbots, bioinformat-
ics, identification/detection software, and plant genotyping/
phenotyping [41].

Recent advances in technology, reductions of costs (imaging/
sensor platforms), and progress in the subfields of AI are propel-
ling plant breeding efforts forward through root image analyses 
of crops allowing for faster, high-resolution sampling and analy-
sis of plant root phenotypic data [16]. Digital, automated tech-
niques using CV and DL are quickly becoming the standard 
[42] and are considered critical to improving plant phenomics 
[16,41]. Over the past few years, software such as RootPainter 
[a popular graphical user interface (GUI) DL segmentation and 
annotation for training tool] [43] and RhizoVision Explorer 
(hardware and software for root measurements with more than 
9,000 downloads to date) [44,45] have emerged as the preferred 
software for root measurements.

What are AI, ML, and DL?
AI is the use of computers to mimic human intelligence via 
methods and techniques involving but not limited to if-then 
rules, logic, decision trees, and ML. ML and DL are subsets of 
AI technology. ML includes a group of computerized modeling 
techniques that can learn patterns and make decisions auto-
matically without following directly programmed parameters 
[41]. A strength of ML is the ability to “learn” the inherent 
structures, commonalities, or differences in the data as the 
algorithm analyzes data allowing the model to explain or clas-
sify new or known phenomena and generalize trends and pat-
terns [41]. DL moves beyond ML in that its methods involve 
representation learning that creates simple nonlinear modules 
that transform the representations at increasingly higher and 
more abstract levels that allow (with enough transforma-
tions) the learning of complex functions [46]. LeCun et al. 
[46] describe DL representations of image data (arrays of pix-
els) as layers of features (such as edges, motifs, parts of objects, 
etc.) learned from data using general purpose learning proce-
dures independent of, and not implemented within the model 
by, human engineering (the model teaches/trains itself). Within 
DL are the subclasses of convolutional neural networks (CNNs) 
and recurrent neural networks (RNNs). CNNs are specifically 
designed for image data [47,48], which are 2D data structures 
[matrices of pixel values (picture elements)] [49] that contain 
visual sensory information, and are mainly applied to tasks 
related to CV, while RNNs explicitly analyze sequential data 
structures such as time-series 2D (images) and 3D (video) data 
[50]. CNNs are particularly well suited for their implementa-
tion into RSA research because of their improved ability to 
learn autonomously over previous ML techniques [35], but, 
specifically, CNNs can handle tasks involving data with spatial 
relationships of imagery where pixel values are immutable, 
i.e., do not change because images are static and not time 
lapse where spatially fixed pixel values change as a function 
time [50]. RNNs are capable of sequential pattern learning 
to capture/model time dependencies [51] that could make 
them applicable to change detection tasks like incremental 
growth and/or growth habits of roots using time-series data 
such as video or time-lapse photography, although at the time 

of this review’s submission, the authors are unaware of any 
research that utilizes this technique for RSA. For studies of RSA, 
the most common problems for use of AI are for image seg-
mentation to identify root objects from complex backgrounds 
and for classification using features (trait measurements) typi-
cally extracted using conventional CV methods, such as root 
length and diameter.

CNN architectures represent DL-based approaches of com-
plex pattern recognition tasks [52] dealing with spatial data 
and function in a feed-forward manner using filters and pool-
ing layers. The basic architectural components of a CNN are 
convolutional layers, pooling layers, and fully connected lay-
ers. Convolutional layers involve linear operations that mul-
tiply a 2D array (called filters or kernels) of weights to the 
input image [48], and the role of convolutional layers “is to 
detect local conjunctions of features from the previous layers” 
[46], which outputs feature maps that represent specific fea-
tures in the input image. Pooling layers function to downs-
ample feature maps in 2 common ways, which, according to 
Brownlee [48], are (a) average pooling that summarize the 
average presence of a feature and (b) max pooling that sum-
marize the most activated presence of a feature. Fully con-
nected layers connect convolutional layers and pooling layers 
and reach a classification decision by connecting the input 
layers to the output layers.

The use of ML to analyze RSA can be traced back through 
the lineage of earlier research regarding CNNs and image clas-
sification, starting with LeCun et al. [53], who are credited 
with one of the earliest uses of a CNN method (LeNet-5) that 
they successfully used to recognize handwritten fonts. Later, 
Krizhevsky et al. [54] created AlexNet, an improved CNN-based 
method of automatic image classification that added rectified 
linear units to improve speed (6 times faster than CNNs using 
the tanh function), allowed for multi-graphics processing unit 
training, overlapping pooling [pooling unit spacing (s) < neigh-
borhood size (z)] [54], and data augmentation (creating addi-
tional data using transformations on existing original data) [55] 
and dropout (randomized temporary removal of hidden or 
visible units in a neural network) [56] to reduce overfitting (fail-
ure of a model to describe underlying distributions instead of 
noise or variance in data) [57]. Another advancement to CNN 
technology included models that conduct semantic segmenta-
tion that involved labeling each pixel of an image with the class 
of the object or image region it belongs to [58]. This improve-
ment was originally made to fully convolutional network mod-
els by simplifying and increasing the speed of learning to the 
inference of fine structures recovered, ability to separate closely 
interacting objects, and robustness to occluding objects [58]. 
Other advancements to sematic segmentation include the addi-
tion of scaling layers and filters that apply high-level learned 
behavior leading to better precision with a major reduction of 
training data (U-Net) [59], pixel-level feature to global pyramid 
pooling (Pyramid Scene Parsing Network) [60], capturing con-
textual information at multiple scales and decoder modules to 
recover object boundaries (DeepLab3+) [61], and differentia-
tion of same-object-class contextual pixels from the different-
object-class contextual pixels (object-contextual representation) 
[62]. Currently, YOLO9000 (You Only Look Once 9000), an 
object detection algorithm using CNNs [63], and YOLACT (You 
Only Look At Coefficients), a fully convolutional model for real-
time instance segmentation [64], are utilized to improve speed 
through parallel subtasks.
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In contrast, RNNs are well suited for tasks that involve tem-
poral data with sequential inputs such as speech and language, 
are very good at predicting the next characters or words in a 
sentence, and can be used for translating from one language to 
another [46]. In the case of image analysis, RNNs can be paired 
with CNNs to create image content descriptions or annotations. 
A main strength of RNNs is that their architectures function 
by feeding results back into the network that allows the model 
to “remember” information and apply it to the next series of 
data to process, such as root dynamic development pictures/
videos through time. In this way, modern RNNs that use long 
short-term memory use special hidden units called memory 
cells [46] that are able to make inferences about what is hap-
pening within a video or time-lapse photo series.

The learning process and model objectives of ML
In general, ML for RSA research is a multistep process that is 
as follows: (a) image capture, (b) preprocessing, (c) image seg-
mentation, (d) feature extraction, (e) train the model, (f) model 
adjustment, (g) model validation, and (h) model employment 
for identification and detection, classification, and quantifica-
tion (Fig. 2). Workflows (and partial workflows) similar to 
those shown in Fig. 2 are reported in Perez-Sanz et al. [49], 
Mattupalli et al. [65], Falk et al. [16], Narisetti et al. [37], and 
Xu et al. [17].

Image capturing involves many different spatiotemporal 
techniques (2D, 3D, and 4D) and sensor–platform combina-
tions and has been reviewed extensively by Atkinson et al. 

[42] (a review focusing on RSA sensor/platforms). Once col-
lected, image data typically require preprocessing steps that 
include the removal of unwanted artifacts by filtering out 
image noise and/or cropping. Of course, efforts to produce 
the highest quality data (clear, sharp, and well-lit/uniform 
lighting) that subsequently require minimal preprocessing 
are ideal but not always realized in all studies. Multichannel 
images may need to be converted to binary images (black 
and white) or masks for classification tasks. However, some 
models require multichannel data, such as classifying for par-
ticular signatures, like root properties, diseased roots, or root 
nodules that have unique RGB values. The preprocessing 
steps of ML are an effort to “concentrate information” [41] and 
thereby improve the signal-to-noise ratio by reducing unwanted 
and/or conflicting image information. In terms of hardware 
for imaging-based root phenotyping, there is a prevalence 
of diverse acquisition pipelines and a general lack of stan-
dardization that Falk et al. [16] describe as imperative to scal-
ing plant phenotyping methods; however, there are many (often 
freeware) software available for digital analysis and extrac-
tion of root traits that can be used for AI model inputs. A 
comprehensive list and description of each software package 
can be found at quantitative-plant.org.

Next, model training is performed (Fig. 2). If the model is 
supervised, training involves using a large portion (~80%) of 
the labeled image dataset to train the model for correctly clas-
sifying image data and then make connections (map) between 
the input dataset and the output labels. Supervised learning 

Fig. 2. The ML for RSA research process (simplified) using alfalfa root images. The general steps include image capture, preprocessing, segmentation/feature extractions, 
model training, model adjustments, model validation, and model employment for identification.
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models are typically time-consuming and costly processes 
because the images need to be annotated [52]. Self-supervised/
unsupervised models, conversely, do not require annotated data 
to train the model making the method appealing to researchers 
interested in foregoing image annotation tasks [46]. Instead, 
the model is trained by imputing a dataset with no labels and 
forcing the algorithm to create classes based on the data. The 
training phase of image processing models is regularly being 
created, tested, and augmented. Hybridized learning models 
that incorporate semisupervised learning with “small”, “few”, 
or “short” learning methods [66] that do not require massive 
amounts of labeled training data are one possible solution to 
the current bottlenecks. In addition, lowering complexity and 
increasing the efficiency of model implementation will benefit 
interactions between signal processing and ML through deep 
neural network compression that potentially allows more effi-
cient handling [52].

Model adjustment (Fig. 2) is done by tuning the model param-
eters to account for errors from misclassification, overfitting, and 
bounding box misalignments in the classification process. These 
errors are often calculated using a confusion matrix that quanti-
fies the numbers of true positives, true negatives, false positives, 
and false negatives. Model performance is quantified by raw 
confusion matrix values and/or using metrics calculated from 
them that include the dice similarity coefficient (DSC), intersec-
tion over union (IoU), F scores (F1 and F2), sensitivity, specific-
ity, and accuracy [17]. Loss functions such as DSC quantify the 
agreement between the ground truth (manual segmentations/
annotations) and model outputs, which can then be used to itera-
tively weight the model’s parameters to improve its performance 
[64,67]. In the case of some root image data (such as minirhizo-
trons), class imbalances can be deleterious to model performance 
[67]. Problems arise from class imbalances when very small por-
tions of the image foreground data (root pixels) and high accu-
racy scores (the ratio of correctly identified image pixels to all 
classified pixels) may reflect a model’s ability to correctly classify 
the background and not the foreground pixels (roots) [68]; there-
fore, DSC, IoU, sensitivity, and specificity metrics are generally 
used for RSA model quality assessment [69]. Several iterations 
of model adjustments are typically necessary that involve tuning/
calibrating the model parameters to account for and remove 
errors such as overfitting/underfitting and/or model biases.

Finally, cross-validation, usually 5- or 10-fold cross, is used 
to adequately adjust the model to produce results with least 
amount of variation between the training and testing data 
(Fig. 2). This adjustment will allow the model to be accurately 
deployed on new datasets for detection, classification, quanti-
fication, and/or prediction tasks.

ML challenges
There are multiple classes of challenges with varying levels of 
commonality concerning the implementation of ML models. 
The commonplace challenges of image quality, dataset sample 
sizes, training/testing class balance, overfitting, and model tun-
ing are faced by nearly every researcher that performs ML image 
analyses. Challenges such as image label errors, lack of model 
results “explainability”, and adversarial attacks are less commonly 
faced but often come with more severe outcomes/consequences. 
Challenges related to groups of images (such as training data) 
for image analysis are among the most prevalent and typically 
encountered in CV [55]. First is large image variation between 
application and training models where images with similar 

content are inconsistently illuminated, have occluded content, 
have variable backgrounds or viewpoints, or are shown at differ-
ent scales (domain shifts accounted for with training data). 
Another is image sample sizes or class imbalances where one or 
more classes have variable numbers of, or too few, sample images 
used for training. These types of variation can be mediated dur-
ing image capture with proper planning or with the use of syn-
thetic data as demonstrated by Wang and Cao [70]. Domain 
bias/shifts are challenges, and the resultant model overfitting 
errors occur from generalization from datasets (and image 
styles) not seen in training. One solution to domain shift prob-
lems is to fine-tune pretrained networks on new datasets [71] 
before implementing the model on a large scale. In addition, the 
issue of overparameterization is a new challenge brought about 
by DL that results from a model having a large set of learnable 
parameters yet has insufficient training data to overcome gen-
eralization problems expressed as overfitting [72]. The fact that 
overparameterization leads to decreased consistency of a learned 
hypothesis and is almost certain to occur has been demonstrated 
by some authors such as Seidenthal et al. [73] who investigated 
(in part) the effects of hyperparameter tuning. Image augmenta-
tion is a viable technique that can help prevent (in part) the issues 
of overparameterization, domain shifts, image sample sizes, 
and image variation [55,74,75]. In general, image augmentation 
involves applying an algorithm to an existing image that creates 
additional image data from the initial image with a variety of 
techniques, thereby increasing the amount of training data. 
Some examples of image augmentation include (but are not lim-
ited to) adding Gaussian noise, cropping, flipping, rotating, ran-
dom erasing, or changing the scale of an image [55]. However, 
augmented image data are not a suitable replacement for actual 
genuine/original data because the augmented data are a deriva-
tive of the original sample image, which can cause a model to be 
sensitive to the underlying, true data no matter how manipulated 
it is via augmentation. Unfortunately, the collection of original 
(unique) data involves some of the more time-consuming tasks 
in the image analysis research process, and there is no equal 
replacement for original data.

Acceptance of the use of DL models is challenged as to how 
they come to the prediction results. These trust issues and/or 
lack of justification to use a model or use its results [76] are 
because DL is often described as “black box” and tends to lack 
“explainability” [52]. To help alleviate this problem, researchers 
are investigating a wide variety of methods and techniques that 
both access model accuracies and elucidate the underpinnings 
of model results by providing/pairing “explanations” to DL 
models. The vast number of methods used to assess model 
accuracy is beyond the scope of this work; however, a detailed 
review with examples can be found in Marcinkevičs and Vogt 
[77] and a field guide on the subject by Ras et al. [76]. According 
to Ras et al. [76], explanations fall into 2 general categories: (a) 
explanations that give insight into model training and gener-
alization and (b) explanations that give insight into model pre-
dictions. For example, an explanation for image data may be a 
saliency map or heatmap, which is a depiction of the regions 
of interest that the model used to determine the network’s pre-
diction. Heatmap-paired models offer increased trustworthiness 
over competing models with similar accuracy scores because 
a heatmap-paired model is more consistent with human experi-
ence [76].

Other regrettable challenges to DL models are knowing 
the provenance and/or provenience of an image and its 
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authenticity, purity (unperturbed/unmanipulated data), or label 
quality. For example, images from public databases or second-
hand data can have poor labels and/or be altered and therefore 
be of questionable integrity and validity. Northcutt et al. [78] 
investigated label errors contained within the most commonly 
used benchmarking datasets used for CV with a label confidence 
algorithm called confident learning [79]. They found “numerous 
and widespread” label errors in 10 prominent datasets and esti-
mated an average of 3.3% errors across these validation datasets 
[MNIST (0.15% = 15 images), CIFAR-10 (0.54% = 54 images), 
Caltech-256 (1.54% = 458 images), CIFAR-100 (5.85% = 585 
images), ImageNet (5.83% = 2,916 images), and QuickDraw 
(10.12% = 5,105,386 images)] [78]. In the case of QuickDraw, 
evaluating the errors of over 5 million mislabeled images is not 
feasible/tenable for most researchers, and the fact that this is a 
benchmark dataset used for training or validation poses a major 
problem for researchers interested in achieving the highest accu-
racies possible for their studies. The somewhat new challenge 
of introduced image errors with malicious intent are defined as 
adversarial attacks [80,81] that are perturbations, sometimes 
undetectable by humans (Gestalt law-based perception [82]), 
introduced to formerly “clean” images that cause neural network 
classifiers to completely change their predictions and errone-
ously predict the same image content with surprisingly high 
confidence [83]. This situation poses a threat to any researcher 
that relies on publicly available or secondhand image data to 
train their models where the trustworthiness and/or validity 
of those data is questionable. There do not appear to be many 
adversarial attack examples related to plant breeding efforts at 
this time; however, any image can be perturbed with nefarious 
intent to interfere with ML model results, and this poses a future 
problem for RSA researchers. This is because RSA investigations 
relying on DL methods and/or “mega” datasets composed of 
millions of annotated root images will require supercomputing 
power to process them and researchers will not likely be able to 
easily produce their own (pure and trusted) data (millions of 
pure images); therefore, secondhand image data with unknown 
authenticity will need to be utilized and/or reckoned with if its 
perturbed via adversarial attacks. In addition, as RSA research 
utilizing benchmark datasets that contain all types of subject 
matter (not restricted to root images) increases, the likelihood 
of perturbed imagery problems will also increase, so in this 
sense, the threat of adversarial attacks to RSA research results 
is increased even if the perpetrators of such image tainting are 
not directly targeting plant scientists or their results (the damage 
to RSA research will likely be collateral). Furthermore and as 
discussed with label errors in large benchmarking datasets, 
images containing adversarial attacks may not be easily identi-
fied by hand because of sheer volumes of datasets (millions of 
images) and/or because the introduced errors are not percep-
tible by humans. Methods to circumvent adversarial attacks 
include training a model with input data containing adversarial 
example imagery (called a “brute-force” strategy) to preempt 
the issue, modifying the network to detect image perturbations, 
and network add-ons that rectify perturbed images [80]. Some 
authors, such as Bai et al. [84], describe the need for model 
robustness to adversarial attacks as vital to safety and for main-
taining high-quality results free from unwanted errors.

Case studies of AI applied to root structure analysis
There are many studies that use a variety of image segmenta-
tion and analysis software to perform RSA research. In plant 

research, data pipelines involving AI have been utilized for 
identification and detection, classification, and quantification 
of a plethora of plant traits. To date, the fledgling use of AI to 
investigate RSA has markedly improved and hastened RSA 
research (of some authors) by replacing/suppressing the 
mostly manual time- and labor-intensive methods such as 
manual root segmentation with automated feature extraction 
and AI-based trait analyses. Some platforms and sensors such 
as tomographic scanners [i.e., electrical resistivity tomography 
(ERT), MRI, NT, PET, and x-ray CT], and other 3D imaging 
approaches are exemptions to the shifting paradigm of RSA 
analysis because of low-throughput and high cost, which is 
preventative to large-scale integration of the techniques into 
genetic research [16].

At present, there are several studies that use ML image 
analysis models on root properties and/or RSAs of a variety of 
plant species (Fig. 3).

Zhong et al. [85] appears to be the first research group to 
apply AI techniques to roots in an effort to classify RSA. They 
achieved this by harvesting maize roots via the shovelomics 
method and then performed laboratory-derived image captures 
on the sample roots with monochrome cameras (2,215 roots 
in total). The model they used for their extracted-feature-data-
based classification was an SVM (support vector machine) that 
correctly classified 99.95% of the maize roots of 235 genotypes. 
Pound et al. [86] is another group that pairs CV with root struc-
ture analysis to investigate winter wheat root tips (Triticum 
aestivum L.) using 2,500 laboratory-derived images acquired 
from a digital single-lens reflex (DSLR) camera (RGB). The 

Fig. 3. Network diagram of cited AI research literature involving root imaging. Citation 
numbers were acquired from Google Scholar citation database. Classification breaks 
were calculated using the Jenks natural breaks method. Arrows indicate the citation 
directions, and color indicates the frequency of citations. Although a meta-analysis 
was not performed, the authors used key word search terms: “root structure 
architecture”, AI-artificial intelligence”, and “image analysis”. The terms were inputted 
into multiple databases (Scopus and Google Scholar). Then online tools were used to 
find connections between researches and via cited references in acquired literature.
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CNN used to classify whether root tips were present in an 
image (root tip present or no root tip present) had an accuracy 
of 98.4% using the Caffe DL library, and the problem of overfit-
ting is stated to have been avoided by randomly deactivating a 
percentage of fully connected neurons during each iteration of 
training (50% dropout rate). The authors predicted a paradigm 
shift from manual trait/feature acquisitions to image-based 
phenotyping using DL approaches in the future, which is cur-
rently coming to fruition. This shift (from manual to more 
automated or in silico techniques) in methods can be seen as 
a milestone in RSA analysis research (a class of analysis we 
discuss below as phase I). Another group (Douarre et al. [36]) 
focused on maize roots (and simulated roots) from laboratory-
derived x-ray tomography images and simulated root pixels 
using a pretrained (on ImageNet) SVM model [36]. The authors 
demonstrated that a transfer learning approach produces 
adequate results on simulated or real roots when the soil-root 
contrast is very low [36]. Zhao et al. [60] investigated that 
roots from 16 European pea (Pisum sativum L.) cultivars from 
laboratory-derived photo scanner (grayscale) images of green-
house grown plants were first analyzed with WinRhizo 2012b 
Pro to obtain feature data (such as primary root diameter, 
length, surface area, etc.) and then subsequently analyzed using 
a combination of radial basis function SVM and random forest 
(RF) models resulting in the accurate classification of 86% of 
genotype pairs. The combination of radial basis function SVM 
and RF models could overcome problems related to applying 
ML methods to images with low signal-to-noise ratios [60]. As 
a solution to image segmentation and feature extraction chal-
lenges such as nonautomatic segmenting and root type classifica-
tion and the inability to locate key features used to derive root 
geometry, a novel image analysis approach was developed, 
called RootNav 2.0, driven by a multitask CNN architecture [87]. 
Arabidopsis (Arabidopsis thaliana), rapeseed (Brassica napus), 
and wheat seedlings from 3,360 laboratory-derived images 
were acquired from a DSLR camera (RGB). The results indicate 
that the improved and now fully automated method achieved 
comparable accuracy to the original RootNav tool (semiauto-
mated) but with a 10-fold increase in speed and reduced training 
data requirements with image domain shifts [87]. In addition, 
RootNav 2.0 is capable of segmenting high-resolution images, 
classifying root orders, and provides a strong foundation that 
users can derive common architectural traits [87]. Another group 
(Falk et al. [16]) developed a seamless end-to-end pipeline 
that investigated soybean roots with 12,264 laboratory-derived 
images captured from a DSLR camera (RGB). They used a con-
volutional autoencoder CNN framework for root segmentation 
and used advance root image analysis (ARIA) to extract root 
traits from segmented images and validated the outputs using 
manual assessments that produced a high-quality, cost-effective, 
mobile, phenotyping platform and high-throughput pipeline 
capable of quickly processing and analyzing thousands of 
plants [16]. The above case studies exemplify some of the many 
advances toward the current state of the art in RSA analyses 
using images, which began with progressions related to the speed 
of processing [also part in parcel to advances in graphics process-
ing unit performance at the time AlexNet was developed (3-GB 
maximum memory)], the major shift away from manual seg-
mentation and measurements of traits to more automated meth-
ods (automated trait/feature extractions, phase I), and some of 
the first studies that investigated unharvested plant roots still in 
soil/growing mediums (x-ray tomography, etc.).

Image segmentation is an important preprocessing step in 
more recent RSA image analyses studies and was an important 
avenue of inquiry that helped advance the field to its current 
state. In many of the investigations featured below, the move 
toward automated image segmentation using ML methods 
focused on the advantages of both speed and accuracy with 
automated methods to segment/detect roots in images from a 
variety of sensor types. Smith et al. [67] demonstrated the fea-
sibility of segmenting roots in soil images with a U-Net-based 
CNN architecture, the ability of small research groups in need 
of self-generated custom-labeled datasets to use DL approaches, 
and replacement of the manual line-intersect method by evalu-
ating chicory (Cichorium intybus L.) roots using 892 laboratory/
field hybrid (outdoor root tower) images acquired from rhizo-
trons located in root towers (RGB). Their results indicate that 
they achieved an F1 score of 0.7 when comparing automated 
segmentation to manual annotations (automated segmentation 
outperformed the manual method). Automated approaches to 
identifying anatomical traits in microscopy root cross-sections 
by investigating rice roots were also focused on by Wang et al. 
[40]. They used and compared the Faster R-CNN and Mask 
R-CNN ML models producing an IoU of 0.95 for both root and 
stele objects, showing that the Faster R-CNN models can accu-
rately detect and predict anatomical objects in images while 
concurrently producing more accurate results with smaller 
amounts training data than the competing model. Another 
study [88] interested in automatic root detection and segmenta-
tion using ML investigated switchgrass roots (Panicum virgatum 
L.) using 30 field-derived images obtained from minirhizotron 
scanners (RGB). They tested several ML models including mul-
tiple instance learning (MIL) models (MI-ACE, miSVM, and 
MIForests) and non-MIL models (SVM and RF), compared 
the models on the basis of receiver operator characteristic 
curves, and found that the miSVM method outperformed the 
competing models with a higher mean sensitivity (recall/true-
positive rate) at the same false-positive rate and the MI-ACE 
model was a close second. Overall, they concluded that MIL 
methods can reduce the burden of image labeling and substan-
tially improve imaging bottlenecks of root studies relying on 
minirhizotron techniques [88]. Another group [89] was also 
interested in automated segmentation of in situ root systems 
with ML and investigated cotton roots using 200 field-derived 
images acquired from a minirhizotron scanner (RGB). Their 
model was an improved version (via upsampling) of the 
DeepLabv3+ segmentation model [90] that outperformed both 
manual and U-Net segmentation methods with cross-fold vali-
dation of 0.9702, 0.9847, and 0.9773 for precision, recall, and 
F1 score, respectively [89]. The authors noted that their novel 
automated method more accurately and quickly segments root 
systems in complex soil environments while also outperform-
ing antiquated manual segmentation techniques. They also 
comment that to prevent the network from overfitting, the 
weight attenuation was set to 1 × 10−6. Kang et al. [91] also 
experimented with the DeepLabv3+ model with the use of cot-
ton roots using 150 laboratory-derived images (expanded to 
263 images via augmentation) acquired from an in situ photo 
scanner (RGB) apparatus. Their AM-DeepLabv3+ semantic 
segmentation model was improved by adding an attention 
mechanism that assigned more weight to the pixel points of 
fine roots and root hairs. The quality metrics of their improved 
model, which outperformed U-Net, SegNet, and the traditional 
DeepLabv3+ models, were 0.9971, 0.9984, 0.9937, and 0.9875 
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for precision, recall, F1 score, and IoU, respectively [competing 
models were U-Net = 0.8923 (IoU) and 0.8919 (F1), SegNet = 
0.9564 (IoU) and 0.9489 (F1), and traditional DeepLabv3+ = 
0.9798 (IoU) and 0.9773(F1)]. They also noted that their 
proposed model can accurately distinguish cotton root sys-
tems from complex soil background with good segmentation 
effect [91].

Möller et al. [92] experimented with several different CNN 
architectures in an effort to challenge competing models with 
their proposed improved model and also to reconstruct the 
complete RSA by focusing on extracting the main root. Their 
analysis used data from Arabidopsis roots using 2,475 laboratory-
derived video images (RGB). The ML models they used were 
SegNet and U-Net CNNs. Their championed model, U-Net 
with VGG16 structure, achieved DSC scores for “image com-
plete”, leaf region, and nonleaf region of 0.911, 0.879, and 0.926, 
respectively.

Alfalfa seedling (14-d-old) RSA and trait heritability were 
investigated using RF and gradient boosting machine ML algo-
rithms by Bucciarelli et al. [14]. Their results discuss the relative 
importance of secondary roots longer than 2.5 cm, indicating 
that using alfalfa seedlings as young as 14 d can be used for 
root trait selections, thereby hastening conventional pheno-
typic selection by 20 weeks (a rapid selection process allowing 
for 2 cycles of selection in a single year).

A modular, mobile system to continuously monitor seed 
germination and root growth called MultipleXLab was developed 
by Lube et al. [93]. The system utilized time-lapse laboratory-
derived images of Arabidopsis and tomato roots (Solanum 
lycopersicum) acquired from a DSLR camera (RGB) and a “cus-
tomized minirhizotron scanner” that consisted of transparent 
polystyrene square petri dishes. Two separate models (SeedNet 
and RootNet) were developed and subsequently used for this 
research that achieved F1 scores (harmonic mean of precision 
and sensitivity) of 0.8048 and 0.7395, respectively. The non-
invasive, high-throughput system allows for high-precision 
evaluation of germination index and hourly growth rate between 
mutants and is a mobile alternative to high-end imaging plat-
forms and stationary growth chambers [93].

The root structure architecture (branch-style, taproot-style, 
and taproot-branch roots) of mature, field-grown, alfalfa roots 
from 617 laboratory-derived images (and an additional 6,170 
created augmented images) captured from an RGB DSLR cam-
era was investigated by the increasingly popular pairing of 
RootPainter segmentation and RhizoVision Explorer feature 
extraction methods by Xu et al. [17]. Multiple ML models were 
tested include k-means, PAM (partition around medoids), RF, 
naïve Bayes, neuralnet, and Keras/TensorFlow resulting in the 
decision-tree-based RF model having the highest balanced 
accuracy values of 0.843, 0.852, and 0.703 for branched, tap-
root, and intermediate taproot-branch root types, respec-
tively. In addition, they found that prediction accuracy of 
the TensorFlow-based neuralnet and RF models were improved 
to 97% (authors stated no overfitting of the neural network 
model with TensorFlow from Keras) with the addition of aug-
mented images [17]. They also found that unsupervised ML 
tends to incorrectly classify roots into a normal distribution 
and predicting most lines as the intermediate type and that by 
coupling root type with its prediction probability will give 
breeders a confidence level to make better selection decisions 
for breeding efforts by advancing the best or excluding the 
worst lines [17].

Another high-throughput pipeline was developed using deep 
neural network (DNN) models and automated feature extraction 
for field root phenotyping by Bauer et al. [94]. They applied their 
pipeline that used RootPainter DL segmentation to a small sam-
ple of 36,500 field-derived images of winter wheat roots and 
maize roots acquired from Bartz minirhizotron (RGB) and 
Vienna Scientific Instruments GmbH minirhizotron (RGB) scan-
ners and then used RhizoVision Explorer to automatically per-
form feature extraction from the segmented images. They note 
that their pipeline outperformed manual annotation by 98.1% to 
99.6% in terms of processing time and, by substantially reducing 
the processing time for minirhizotron imagery, has removed 
the image analysis bottleneck to high-throughput phenotyping 
approaches [94]. Huang et al. [35] developed a method to auto-
matically and accurately segment high-resolution minirhizotron 
images. They investigated cotton roots using 92 original field-
derived images (expanded to 552 using image augmentation) 
acquired from minirhizotrons (RGB). They automatically seg-
mented roots using an improved/modified OCRNet model that 
included a global attention mechanism (GAM), which they called 
OCRNet + GAM. The improved model outperformed all the 
other tested models (FCN, PSPNet, DeepLabv3+, and OCRNet) 
in terms of accuracy (0.9866), recall (0.9419), F1 score (0.9146), 
and IoU (0.8426). By adding a GAM, the OCRNet model is 
forced to focus on the features of targets (roots) to improve the 
model’s ability to distinguish roots from the background (soil) 
and image noise (stones, worms, soil cracks, etc.)

RhizoVision Crown is backlit camera-based system [45] to 
acquire root crown imagery from the field that is easy to seg-
ment and was used by Mattupalli et al. [65] to image alfalfa root 
crowns from within and outside disease rings. In the original 
paper, linear discriminant analysis was used to predict status 
with 76% accuracy. A different research group used the publicly 
available imagery to classify on the basis of the WCSMO (water 
cycle spider monkey optimization)-based deep CNN [33]. They 
used their model to analyze and classify 264 monochrome cam-
era images of alfalfa and cotton root rot. The model achieved 
higher sensitivity, specificity, and accuracy scores (91.69%, 92%, 
and 91.98% respectively) over the other existing models they 
compared it to (PA-RPL + DL, EEG routing + DL, Hybrid rout-
ing + Canny and Ostu, and PriNergy + ANN) [33]. This high-
lights the importance of sharing imaging data and methods 
for both reproducibility and reuse. An iterative neural net-
work architecture approach to image segmentation of thin and 
reticulated root structures to identify root disease was created 
called ITErRoot [73]. Several ML models using several different 
genus seedling root rot types including cucumber (Cucumis 
sativus L.), rapeseed, soybean, and winter wheat from 1,278 
laboratory-derived DSLR camera (RGB) images were tested. 
The ITErRoot model (based on IterNet [95] and the U-Net 
architecture) outperformed the other tested models (SegRoot 
[96] and IterNet) with quality metrics of mean DSC = 0.889, 
mean IoU = 0.807, sensitivity = 0.930, and specificity = 0.998. 
ITErRoot was a significant improvement over other recent 
approaches to root segmentation and performed particularly 
well with the presence of non-root objects such as disease [73]. 
Pierz et al. [97] developed a pipeline called RootDS that uses 
PlantCV [98] as its backbone to test common bean (Phaseolus 
vulgaris L.) roots and root rot caused by Fusarium solani spe-
cies complex by assessing disease severity using 114 laboratory-
derived images acquired from a photo scanner (RGB) [97]. They 
compared automated disease scores and root areas using PlantCV 
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to manual researcher disease and area scoring and found a high 
correlation between both methods (R2 for PlanCV and manual 
methods = 0.92 for disease score and 0.90 for root area). The 
RootDS pipeline provides greater functionality in disease score 
datasets and provides an alternative for generating image sets 
for use in available Root System Markup Language (RSML) 
software [97].

Wang et al. [99] proposed a detection model modified from 
the YOLOv5 (released by Ultranytics) architecture, called 
YOLOv5-CMS, which they used to investigate cucumber root 
knots from 391 laboratory-derived images acquired from a 
DSLR camera (RGB). Their YOLOv5-CMS model enhanced 
the existing YOLOv5 model via a dual attention module 
(CBAM-CA) to detect root knots in an effort to support breeding 
nematode-resistant cucumber varieties. Their model was an 
improvement (of recall and mean average of precision) to the 
original YOLOv5 model of 3% and 3.1%, respectively. Quality 
metrics for the YOLOv5-CMS model were precision = 0.943, 
recall (sensitivity) = 0.885, F1 score = 0.913, and mean average 
of precision = 0.948. This improved model achieved higher qual-
ity metric values than all the other competing models (8 other 
models total), and it provides an effective method for obtaining 
more intuitive and accurate data sources during the breeding of 
cucumber varieties resistant to root-knot nematode [99].

A fully automated GUI-based tool for root segmentation 
and quantification using a pretrained CNN architecture capable 
of being utilized by unskilled users was developed for maize 
[37]. The model was trained using masks (6,465) created from 
182 laboratory-derived images of maize roots acquired from 
a monochrome camera (near-infrared). Narisetti et al. [37] 
developed a model, called faRIA (based on U-Net model frame-
work), that achieved a DSC accuracy of 0.87, thereby outper-
forming other existing models such as SegRoot (DSC of 0.67) 
and demonstrating that their framework allows the automatic 
and efficient analysis of soil–root interactions without manual 
interaction or parameter tuning. Smith et al. [43] also created 
a GUI, called RootPainter, for rapid training of DNNs for 
biological image analysis that allows corrective annotations 
through user-informed corrections to AI (U-Net-based vari-
ant) segmentation. They evaluated their software by investigat-
ing chicory roots using 300 laboratory-derived images acquired 
from a photo scanner (RGB). The model reported an average 
dice score for roots of 0.9, indicating that the model was accu-
rate and comparable to previous results from Smith et al. 
[43,67]. Smith et al. [43] note that on the basis of their results, 
the DL models could be trained to high accuracy with several 
datasets of varying target objects, backgrounds, and image 
quality in as few as 2-h annotation time and that annotation, 
training, and data processing of numerous datasets can be 
achieved within a single day when using RootPainter. To test 
this finding, RootPainter was used by another team interested 
in measuring continuous root growth and investigated humid-
ity and soil nitrogen effects on Norway spruce (Picea abies L.) 
sapling roots using 2,288 laboratory-derived images acquired 
from smartphone (Samsung S6 Edge and Samsung Galaxy S8+) 
cameras (RGB) [100]. When the model was used, a small reduc-
tion in F1 score occurred (0.88) when comparing model outputs 
to manual annotation of fine roots. Sell et al. [100] found that 
increased humidity reduced fine root growth and diminished 
sequential developmental peaks.

Griffiths et al. [101] was interested in the 4D characteriza-
tion of RSA and the adaptive responses of field pennycress 

(Thlaspi arvense L.) RSA and development under varying 
nitrate regimes. They conducted their study using 72 laboratory-
derived images created with a machine vision camera and 
extracted root traits using a GiARoots and DynamicRoots 
pipeline, while shoot traits such as rosette size and leaf counts 
were determined using a modified PlantCV pipeline. There 
were 3 root plasticity responses to nitrate treatments: (a) nor-
mal root development under sufficient or excess nitrate avail-
ability, (b) intense root foraging in response to limited nitrate, 
and (c) arrested root growth under critically insufficient nitrate 
conditions [101].

The above case studies elucidate the growing popularity of 
AI methods included in modern RSA research. A general trend 
seen in many of these studies is the pairing of semi- to fully 
automatic RSA trait extraction methods from a variety of newly 
developed software with the ever-increasing number and qual-
ity of AI/ML/DL models to analyze the extracted traits. Other 
important improvements include reduced manual and eyes-on 
labor requirements; increasing the size limits of manageable 
data (high-resolution and multichannel images); capably deal-
ing with soil–root signatures in low-contrast, complex, or noisy 
background images; accurately classifying and segmenting 
primary and lower-order growth; and increasing the speed 
and training of models and the accuracy of their outputs via 
processes such as corrective annotations. In addition, some 
researchers have begun to bridge the gap between laboratory/
greenhouse and field-based root phenotyping with more mobile, 
self-contained imaging platforms and/or growth observation 
apparatuses (such as root towers). Last, the frontier of 4D image 
analysis of RSA focused on root system formation, root growth 
such as foraging, and root development or senescence seems 
to be coming more into the forefront of research as technology 
is now able to keep pace with researchers’ desires to perform 
in situ, real-time analysis on RSA. In addition, the accuracies 
reported by individual authors/case studies are not consistent 
in that some authors use different metrics state their results. 
Without having the original data (confusion matrices) for every 
case study described in this review, there is (unfortunately) no 
way to standardize which quality metric (F scores, IoU, DSCs, 
etc.) is used to compare these studies.

From model development, root image analysis can be 
grouped into 2 phases based on the above case studies, phases 
I and II. The phase I RSA image analysis and ML process 
includes 2 steps: step 1, to extract pre-defined features from 
the images; and step 2, to use the extracted features (typically 
comma-separated value or RSML files) as predictions to apply 
ML prediction. Examples of research that utilize phase I meth-
ods are numerous and a variety of (some aforementioned) 
software have been developed specifically to extract root traits 
from imagery in this 2-step process, including (but not limited 
to) ARIA [102], DIRT [103], GLO-Roots [104], WinRhizo 
[105], and RhizoVision Explorer. Phase II RSA image analysis 
is just a one-step (typically automated as in Narisetti et al. [37]) 
analysis without extracting predefined features and using the 
images as the direct input to perform DL via CNN. Conversely, 
phase I RSA analysis uses a very small number of features as 
predictors for ML, whereas CV-based phase II image analysis 
uses all pixels from images, with thousands of pixel features 
with multiple layers of neural network for DL. The current 
state of the art in RSA image analyses can be described as phase 
II, with the caveat that there is still room for improvement on 
this concept/technique in that even at phase II, there is no 
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analysis pipeline that is completely seamless (workflow steps 
featured in Fig. 2 that are combined in one fluid process) and 
fully automated or that captures the unharvested 3D root sys-
tem of a plant in its entirety through time (4D).

Discussion and Future Research
The concealed nature of roots by soil, which have limited 
researcher’s methods to destructive and/or techniques that 
exert laboratory controls on plant growth, is the main diffi-
culty with studying plant roots and their functions, growth, 
and structure(s). These issues have not prevented scientists 
from digging up roots for RSA research. However, the main 
problem for RSA investigation/understanding is the lack of 
viewing entire root system structures through time in its natu-
ral growth environment.

Modern imaging technologies and novel sensors are now 
paving the way for more detailed yet less intrusive means of 
data collection that is allowing for more accurate portrayals of 
RSA and root research that was not possible in the recent past. 
Currently, investigative techniques are still mostly limited to 
RGB cameras and low-cost sensors not capable of looking 
through soil, with some notable exceptions such as tomog-
raphy. However, high-resolution RGB imaging techniques 
coupled with the speed and accuracy of robotic automated 
processes and AI such as ML are pushing RSA research further 
into the realm of nondestructive, 4D, real-time imaging and 
analyses on entire root systems, individual traits of those 
systems, and the genetics or environments that drive them. 
Because of these advances, RSA research does have a promis-
ing path forward through ML imagery analyses capable of 
supplanting the somewhat former issue of soil opacity using 
scanning technologies that can aptly detect soil versus plant 
signatures. This new perceptive advantage in detection now 
ushers in researchers aimed at root/shoot associations that will 
likely drive the much discussed “Second Green Revolution” 
that many plant scientists see as the way forward and away 
from worsening global food security problems. Although 
still fledgling, RSA research paired with ML technology has 
already proven to be advantageous, and current advancements 
foreshadow new understandings of desired plant traits, such 
as increased yields from seemingly plateaued genetics via 
RSA improvements. In addition, modern hardware such as 
unmanned aerial vehicles (drones) and terrestrial robotics 
paired with ML technology offer automated management and/
or commercial solutions to agricultural problems such as early 
identification and targeted intervention of diseases, pests, water 
or nutrient needs, as well as the ability to reduce costs and 
required management outputs such as water, pesticide, and 
herbicide applications, weed removal, crop assessment [in situ 
root growth, biomass, maturity, yields, etc.), and the actual 
harvesting or planting of crops (especially double-cropping in 
mature stands, such as cover crops like alfalfa within maize or 
Kernza (intermediate wheatgrass) rows].

Current progress and major advances in RSA research (at 
least for the time being) are coming from research focused on 
the areas of 2D and 3D imaging that rely on time-series analyses 
of data by AI techniques. As ML modeling improves by increas-
ing the accuracy of models and their outputs, quicker, more 
mobile, and higher-resolution (spatial, temporal, spectral, and 
radiometric) analyses will likely follow. In addition, the expan-
sion of ML to applications throughout the realm of agriculture 

will also undoubtedly propel the subdiscipline of cyber/digital 
agriculture forward as it proliferates into new lines of inquiry, 
such as the advances of ML and CV research into land cover 
classification, crop phenology, weed detection, and fruit grad-
ing. More approaches adopting long short-term memory or 
other RNN models that exploit the time dimension to achieve 
higher performance prediction and classification tasks such 
as yield prediction, water requirements, and the estimation of 
plant growth based on previous observations are expected in 
the future [106]. The value of studies located in the laboratory 
or greenhouse will also be exemplified once demonstrated in 
the field [107], and a plethora of recent studies indicate that the 
toolset of image analysis using ML helps to partially bridge the 
gap between laboratory/greenhouse and field experiments by 
augmenting traditional studies with faster, more accurate, non-
destructive methods that are transformational to RSA inquiries 
and offer paradigm-shifting breakthroughs in the future [86]. 
The in silico analyses of “big” and eventually “mega” datasets 
that are also dense in terms of resolutions and holistic in nature 
(environmental, chemical, physiological, etc.) are likely to pro-
vide insights into plant growth and/or habits that are to-date 
unobserved, similarly to the way that seemingly unrelated spa-
tial phenomena can show functional associations via the use 
of geospatial analyses in geographical information systems [108]. 
Last, we agree with Singh et al. [41] in that the integration of 
ML data analyses, collection, and curation into a cohesive and 
dovetailed pipeline will lead to large-scale applications of ML 
that have great potential to accelerate breeding efforts and pre-
dictive phenomics as outlined by the functional phenomics 
approach [109].

While there is no single method currently sufficient to com-
pletely understand the complexities of RSA of any one plant 
species and/or RSA’s interplay with the environment and condi-
tions that govern plant growth, many currently used methods 
offer strengths and the promise of continuing to partially dis-
entangle the controls on RSA and plant roots and the subse-
quent effects/controls of RSA on other plant organs and plant 
traits. Future research that observes, quantifies, explains, and 
predicts incremental growth, growth habits, and the variables 
and/or environmental conditions that control these are still 
needed to better understand the true nature of RSA and its 
role(s) and influences on traits desired by plant breeders and 
geneticists. Because the determinants of RSA for most species/
cultivars of plants are still not fully understood, the many 
covariates that need to be disentangled to understand whether 
observed phene states are expressions of genetics or environ-
mental conditions such as climate, edaphic controls, allelopa-
thy, or other influences such as disease and/or pests need to be 
investigated further. Major challenges for the future appear to 
be tied to hard-won and time-limiting genetics research, the 
limitations of technology (speed, processing ability, and skilled 
laborer ability), the often-limited resolutions of data (such as 
ground-penetrating radar), the need for sufficient image dataset 
sizes capable of overcoming parameterization issues such as 
overfitting, adequate signal-to-noise ratios (a greater problem 
for some sensor types such as minirhizotrons), and the high 
cost and nonportability of the most advanced imaging systems 
such as MRI and other tomographic scanners. In addition, data 
quality issues are also major current (and future) challenges for 
RSA researchers who will require concerted efforts to either 
remedy and/or prevent the deleterious effects of “bad” or “tainted” 
data into the research stream.
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Tardieu et al. [110] discuss the “Big Data” challenge of plant 
phenomics, which involves combining the datasets and methods 
from disparate phenotyping platforms to perform meta-
analysis using large-scale association genetics that could poten-
tially yield results for country or continental levels. This level 
of aggregation of experiments/accessions would require a mini-
mum of some standardization of hardware, software, and meth-
ods to create meaningful and robust results. Of course, there 
is no governing body to mandate any standard in this context; 
however, interested parties and stakeholders could be com-
pelled to enter into an agreement to standardize their methods 
so to make their individual scientific contributions congruent 
with others interested in the same goal. In some ways, steps 
toward this have already been taken, for example, RSML was 
advanced by Lobet et al. [111], has been adopted by several 
researchers, and is widely supported by the community accord-
ing to Yasrab et al. [87].

Phase II analyses in which root images are used as direct 
inputs into automated DL models that are capable of segment-
ing, classifying, and predicting RSA appear to be the next wave 
of RSA research based on the observed trends discussed herein. 
As the past is prologue, much imagery-based analyses are bor-
rowed or carried over from the medical sciences, and the mod-
ern trend in AI-driven imagery research in those fields has 
naturally bled into the plant sciences because of the diffusion 
of proven techniques there and in other fields such as self-
driving vehicle engineering. In addition to images as direct 
inputs to models, the apparent trend of in situ, 4D, and/or real-
time data collection and analyses is being undertaken by many 
researchers, although the portability, background noise caused 
by soil artifacts, and the high costs of some sensors such as 
x-ray CT and MRI scanners are major limiting factors to this 
research. We believe that phase II RSA image analysis research 
has yet to see its zenith, and when the preprocessing steps such 
as segmentation and trait/feature labeling and recognition are 
fully automated within the framework of DL models, a new 
phase and frontier of RSA research will be reared (phase III). 
We speculate that in a phase III future, the state of the art in 
RSA image analysis will involve AI models that only require 
raw, real-time, and in situ images as input and that can leverage 
millions of vetted RSA/plant images in a standardized, public, 
benchmarking library of images to train/test/validate/predict 
the content of that single input image (or video, 4D). The ben-
efits of standardized methods, data, and sharing/dissemination 
between scientists are known (science and literature are exam-
ples of this) so it seems logical (albeit far reaching) to assume 
that a natural outcome of our efforts regarding RSA would 
eventually produce a repository of data and methods that even-
tually could identify, diagnose, and/or predict a host of cur-
rently out of reach information from an unlabeled image (or 
series, 4D) of a single plant’s RSA such as its genetics or phe-
nomics, environmental conditions, or stresses that it grew in 
(soil, climate, disease, pests, etc.). The fact that one can add an 
image, song, or block of text to some popular search engines 
driven by AI that produces meaningful, thorough, and descrip-
tive outputs about the input is a perfect example of the possibil-
ity of a phase III RSA image analysis future.

In this paper, we have discussed how the applications, inter-
sections, and importance of RSA research, imaging techniques, 
and ML technologies have advanced plant root studies. Past 
research indicates that while RSA research has made significant 
progress in the past decade, some of the major limitations that 

still exist and continue to challenge researchers are the high costs 
and the lack of portability of some imaging sensors and plat-
forms into the field allowing for fully in situ, real-time, auto-
mated analyses. We believe that the future for advanced imaging 
technology coupled with improved ML techniques and models 
is promising and that much progress is on the way, given the 
recent major achievements in ML and CV modeling that is grow-
ing in accuracy, predictive power, and computational speed as 
researchers drill down on these hurdles in their own studies.

Acknowledgments
We express their sincere thanks to the editor and reviewers for 
valuable suggestions and comments. We also thank our col-
league and unit leader, D. Samac, for advice, edits, and her 
interest in our success for this manuscript and in general.
Funding: This study was funded by US Department of Agriculture 
Agricultural Research Service project 5062-12210-004-D. L.M.Y. 
was funded by the Center for Bioenergy Innovation (CBI), which 
is a US Department of Energy (DOE) Bioenergy Research Center 
supported by the Office of Biological and Environmental Research 
in the DOE Office of Science. This manuscript has been authored 
in part by UT-Battelle LLC that manages Oak Ridge National 
Laboratory under contract DE-AC05-00OR22725 with the DOE. 
The publisher acknowledges the US government license to pro-
vide public access under the DOE Public Access Plan (https://
energy.gov/downloads/doe-public-access-plan).
Author contributions: B.J.W.: Conceptualization, writing 
original draft text and graphics, review and editing, and 
visualization. D.-J.H.: Writing original draft text, review and 
editing, and funding acquisition. Z.T.: Review and editing. 
L.M.Y.: Review and editing and funding acquisition. Z.Z.: 
Review and editing. Z.X.: Conceptualization, writing origi-
nal draft text, review and editing, and funding acquisition.
Competing interests: The authors declare that the research 
was conducted in the absence of any commercial or financial 
relationships that could be construed as a potential conflict of 
interest. Mention of trade names or commercial products in 
this publication is solely for the purpose of providing specific 
information and does not imply recommendation or endorse-
ment by the US Department of Agriculture. The US Department 
of Agriculture is an equal opportunity provider and employer. 
All experiments complied with the current laws of the United 
States, the country in which they were performed.

References

	 1.	 Ameen A, Raza S. Green Revolution: A review. Int J Adv Sci 
Res. 2017;3:129–137.

	 2.	 Lynch JP. Roots of the Second Green Revolution. Aust J Bot. 
2007;55:493–512.

	 3.	 Thorne CR. Effects of vegetation on riverbank erosion and 
stability. In: Thornes JB, editor. Vegetation and erosion. 
Chichester (England): Wiley; 1990. p. 125–144.

	 4.	 Pollen-Bankhead N, Simon ADF, Thomas RE, The 
reinforcement of soil by roots: Recent advances and 
directions for future research. In: Shroder JF, Butler DR, 
Hupp CR, editors. Treatise on geomorphology. San Diego 
(CA): Academic Press; 2013. p. 107–124.

	 5.	 Michaud R, Lehman WF, Rumbaugh MD. World distribution 
and historical development. In: Alfalfa and Alfalfa 
Improvement. Madison (WI): American Society of Agronomy 

D
ow

nloaded from
 https://spj.science.org at O

ak R
idge N

ational L
ab on M

ay 21, 2024

https://doi.org/10.34133/plantphenomics.0178
https://energy.gov/downloads/doe-public-access-plan
https://energy.gov/downloads/doe-public-access-plan


Weihs et al. 2024 | https://doi.org/10.34133/plantphenomics.0178 13

Inc., Crop Science Society of America Inc., Soil Science 
Society of America Inc.; 1988. p. 25–91.

	 6.	 York LM, Nord EA, Lynch JP. Integration of root phenes for 
soil resource acquisition. Front Plant Sci. 2013;4:355.

	 7.	 Maqbool S, Hassan MA, Xia X, York LM, Rasheed A, He Z. 
Root system architecture in cereals: Progress, challenges and 
perspective. Plant J. 2022;110(1):23–42.

	 8.	 Kell DB. Breeding crop plants with deep roots: Their role in 
sustainable carbon, nutrient and water sequestration. Ann 
Bot. 2011;108(3):407–418.

	 9.	 Fernandez A, Sheaffer C, Tautges N, Putnam D, Hunter M. 
Alfalfa, wildlife, and the environment. Second edition. St. Paul 
(MN): National Alfalfa and Forage Alliance; 2019.

	 10.	 Bishopp A, Lynch JP. The hidden half of crop yields. Nat 
Plants. 2015;1:15117.

	 11.	 Lynch J. Root architecture and plant productivity. Plant 
Physiol. 1995;109(1):7–13.

	 12.	 Herder GD, van Isterdael G, Beeckman T, de Smet I. 
The roots of a new Green Revolution. Trends Plant Sci. 
2010;15(11):600–607.

	 13.	 Voss-Fels KP, Snowdon RJ, Hickey LT. Designer roots for 
future crops. Trends Plant Sci. 2018;23(11):957–960.

	 14.	 Bucciarelli B, Xu Z, Ao S, Cao Y, Monteros MJ, Topp CN, 
Samac DA. Phenotyping seedlings for selection of root system 
architecture in alfalfa (Medicago sativa L.). Plant Methods. 
2021;17(1):125.

	 15.	 Uga Y. Challenges to design-oriented breeding of root 
system architecture adapted to climate change. Breed Sci. 
2021;71(1):3–12.

	 16.	 Falk KG, Jubery TZ, Mirnezami SV, Parmley KA, Sarkar S, 
Singh A, Ganapathysubramanian B, Singh AK. Computer 
vision and machine learning enabled soybean root 
phenotyping pipeline. Plant Methods. 2020;16:5.

	 17.	 Xu Z, York LM, Seethepalli A, Bucciarelli B, Cheng H,  
Samac DA. Objective phenotyping of root system architecture 
using image augmentation and machine learning in alfalfa 
(Medicago sativa L.). Plant Phenomics. 2022;2022:9879610.

	 18.	 McGrail RK, Van Sanford DA, McNear DH. Trait-based 
root phenotyping as a necessary tool for crop selection and 
improvement. Agronomy. 2020;10(9):1328.

	 19.	 Berry PM, Sterling M, Spink JH, Baker CJ, Sylvester-Bradley R,  
Mooney SJ, Tams AR, Ennos AR, Understanding and reducing 
lodging in cereals. In: Advances in agronomy. Cambridge (MA): 
Academic Press; 2004. p. 217–271.

	 20.	 York LM, Galindo-Castaneda T, Schussler JR, Lynch JP. 
Evolution of US maize (Zea mays L.) root architectural and 
anatomical phenes over the past 100 years corresponds 
to increased tolerance of nitrogen stress. J Exp Bot. 
2015;66(8):2347–2358.

	 21.	 Craine JM, Lee WG. Covariation in leaf and root traits for 
native and non-native grasses along an altitudinal gradient in 
New Zealand. Oecologia. 2003;134(4):471–478.

	 22.	 Tang Z, Parajuli A, Chen CJ, Hu Y, Revolinski S, Medina CA,  
Lin S, Zhang Z, Yu LX. Validation of UAV-based alfalfa 
biomass predictability using photogrammetry with fully 
automatic plot segmentation. Sci Rep. 2021;11(1):3336.

	 23.	 Trachsel S, Kaeppler SM, Brown KM, Lynch JP. Shovelomics: 
High throughput phenotyping of maize (Zea mays L.) root 
architecture in the field. Plant Soil. 2011;341(1):75–87.

	 24.	 Burridge J, Jochua CN, Bucksch A, Lynch JP. Legume 
shovelomics: High-throughput phenotyping of common bean 
(Phaseolus vulgaris L.) and cowpea (Vigna unguiculata subsp, 

unguiculata) root architecture in the field. Field Crop Res. 
2016;192:21–32.

	 25.	 Weaver JE. The ecological relations of roots. Washington (DC): 
Carnegie Institution of Washington; 1910.

	 26.	 Bak F, Lyhne-Kjærbye A, Tardif S, Dresbøll DB, Nybroe O, 
Nicolaisen MH. Deep-rooted plant species recruit distinct 
bacterial communities in the subsoil. Phytobiomes J. 
2022;6(3):236–246.

	 27.	 Wasson AP, Nagel KA, Tracy S, Watt M. Beyond digging: 
Noninvasive root and rhizosphere phenotyping. Trends Plant 
Sci. 2020;25(1):119–120.

	 28.	 Johnson MG, Tingey DT, Phillips DL, Storm MJ. Advancing 
fine root research with minirhizotrons. Environ Exp Bot. 
2001;45(3):263–289.

	 29.	 Zhang Z, Fan B, Song C, Zhang X, Zhao Q, Ye B. Advances 
in root system architecture: Functionality, plasticity, and 
research methods. J Resour Ecol. 2022;14(1):15–24.

	 30.	 Metzner R, Eggert A, van Dusschoten D, Pflugfelder D, 
Gerth S, Schurr U, Uhlmann N, Jahnke S. Direct comparison 
of MRI and x-ray CT technologies for 3D imaging of root 
systems in soil: Potential and challenges for root trait 
quantification. Plant Methods. 2015;11(1):17.

	 31.	 Hainsworth JM, Alymore LAG. The use of computer-assisted 
tomography to determine spatial distribution of soil water 
content. Aust J Soil Res. 1983;21(4):435–443.

	 32.	 Tötzke C, Kardjilov N, Manke I, Oswald SE. Capturing 3D 
water flow in rooted soil by ultra-fast neutron tomography. 
Sci Rep. 2017;7(1):6192.

	 33.	 Jayapalan DFS, Ananth JP. Internet of things-based 
root disease classification in alfalfa plants using hybrid 
optimization-enabled deep convolutional neural network. 
Concurr Comput. 2023;35(3):Article e7504.

	 34.	 Lu Y, Wang Y, Chen Z, Khan A, Salvaggio C, Lu G. 3D 
plant root system reconstruction based on fusion of deep 
structure-from-motion and IMU. Multimed Tools Appl. 
2021;80(11):17315–17331.

	 35.	 Huang Y, Yan J, Zhang Y, Ye W, Zhang C, Gao P, Lv X. 
Automatic segmentation of cotton roots in high-resolution 
minirhizotron images based on improved OCRNet. Front 
Plant Sci. 2023;14:1147034.

	 36.	 Douarre C, Douarre C, Schielein R, Frindel C, Gerth S, 
Rousseau D. Deep learning based root-soil segmentation 
from x-ray tomography images. bioRxiv. 2016;071662.

	 37.	 Narisetti N, Henke M, Seiler C, Junker A, Ostermann J, 
Altmann T, Gladilin E. Fully-automated root image analysis 
(faRIA). Sci Rep. 2021;11(1):16047.

	 38.	 Kinose R, Utsumi Y, Iwamura M, Kise K. Tiller estimation 
method using deep neural networks. Front Plant Sci. 
2023;13:1016507.

	 39.	 Deng R, Jiang Y, Tao M, Huang X, Bangura K, Liu C, Lin J, 
Qi L. Deep learning-based automatic detection of productive 
tillers in rice. Comput Electron Agric. 2020;177:Article 105703.

	 40.	 Wang C, Li X, Caragea D, Bheemanahallia R, Jagadish SVK. 
Root anatomy based on root cross-section image analysis 
with deep learning. Comput Electron Agric. 2020;175:Article 
105549.

	 41.	 Singh A, Ganapathysubramanian B, Singh AK, Sarkar S. 
Machine learning for high-throughput stress phenotyping in 
plants. Trends Plant Sci. 2016;21(2):110–124.

	 42.	 Atkinson JA, Pound MP, Bennett MJ, Wells DM. Uncovering 
the hidden half of plants using new advances in root 
phenotyping. Curr Opin Biotechnol. 2019;55:1–8.

D
ow

nloaded from
 https://spj.science.org at O

ak R
idge N

ational L
ab on M

ay 21, 2024



Weihs et al. 2024 | https://doi.org/10.34133/plantphenomics.0178 14

	 43.	 Smith AG, Han E, Petersen J, Olsen NAF, Giese C,  
Athmann M, Dresbøll DB, Thorup-Kristensen K. Root 
painter: Deep learning segmentation of biological images 
with corrective annotation. New Phytol. 2022;236(2): 
774–791.

	 44.	 Seethepalli A, Dhakal K, Griffiths M, Guo H, Freschet GT, 
York LM. RhizoVision Explorer: Open-source software for 
root image analysis and measurement standardization. AoB 
Plants. 2021;13(6):plab056.

	 45.	 Seethepalli A, Guo H, Liu X, Griffiths M, Almtarfi H, 
Li Z, Liu S, Zare A, Fritschi FB, Blancaflor EB, et al. 
RhizoVision Crown: An integrated hardware and software 
platform for root crown phenotyping. Plant Phenomics. 
2020;2020:3074916.

	 46.	 LeCun Y, Bengio Y, Hinton G. Deep learning. Nature. 
2015;521(7553):436–444.

	 47.	 LeCun Y, Boser B, Denker JS, Henderson D, Howard RE,  
Hubbard W, Jackel LD. Backpropagation applied to 
handwritten zip code recognition. Neural Comput. 
1989;1(4):541–551.

	 48.	 Brownlee J. Deep learning for computer vision: Image 
classification, object detection, and face recognition in Python. 
Machine Learning Mastery; 2019.

	 49.	 Perez-Sanz F, Navarro PJ, Egea-Cortines M. Plant phenomics: 
An overview of image acquisition technologies and image 
data analysis algorithms. Gigascience. 2017;6(11):1–18.

	 50.	 Janiesch C, Zschech P, Heinrich K. Machine learning and 
deep learning. Electron Mark. 2021;31(3):685–695.

	 51.	 Khaki S, Wang L, Archontoulis SV. A CNN-RNN framework 
for crop yield prediction. Front Plant Sci. 2020;10:1750.

	 52.	 Dufaux F. Grand challenges in image processing. Front Signal 
Process. 2021;1:675547.

	 53.	 Lecun Y, Bottou L, Bengio Y, Haffner P. Gradient-based 
learning applied to document recognition. Proc IEEE. 
1998;86(11):2278–2324.

	 54.	 Krizhevsky A, Sutskever I, Hinton GE. ImageNet 
classification with deep convolutional neural networks. In: 
Proceedings of the 25th international conference on neural 
information processing systems - volume 1. Lake Tahoe (NV): 
Curran Associates Inc.; 2012. p. 1097–1105.

	 55.	 Xu M, Yoon S, Fuentes A, Park DS. A comprehensive survey 
of image augmentation techniques for deep learning. Pattern 
Recogn. 2023;137:Article 109347.

	 56.	 Srivastava N, Srivastava N, Hinton G, Krizhevsky A, 
Sutskever I, Salakhutdinov R. Dropout: A simple way to 
prevent neural networks from overfitting. J Mach Learn Res. 
2014;15(56):1929–1958.

	 57.	 Webb GI. Overfitting. In: Sammut C, Webb GI, editors. 
Encyclopedia of machine learning. Boston (MA): Springer; 
2010. p. 744.

	 58.	 Long J, Shelhamer E, Darrell T. Fully convolutional networks 
for semantic segmentation. In: Proceedings of the 2015 
IEEE conference on computer vision and pattern recognition 
(CVPR). Boston (MA): IEEE; 2015. p. 3431–3440.

	 59.	 Ronneberger O, Fischer P, Brox T. U-Net: Convolutional 
networks for biomedical image segmentation. In: Medical 
Image Computing and Computer-Assisted Intervention – 
MICCAI 2015. Cham: Springer International Publishing; 
2015. p. 234–241.

	 60.	 Zhao J, Bodner G, Rewald B. Phenotyping: Using machine 
learning for improved pairwise genotype classification based 
on root traits. Front Plant Sci. 2016;7:1864.

	 61.	 Chen L-C, Zhu Y, Papandreou G, Schroff F, Adam H. 
Encoder-decoder with atrous separable convolution for 
semantic image segmentation. In: Computer vision – ECCV 
2018. Cham: Springer International Publishing; 2018.  
p. 833–851.

	 62.	 Yuan Y, Chen X, Wang J. Object-contextual representations 
for semantic segmentation. In: Computer vision – ECCV 
2020. Cham: Springer International Publishing; 2020.  
p. 173–190.

	 63.	 Redmon J, Farhadi A. YOLO9000: Better, faster, stronger. 
Paper presented at: 2017 IEEE Conference on Computer 
Vision and Pattern Recognition (CVPR); 2017 Jul 21–26; 
Honolulu, HI, USA.

	 64.	 Bolya D, Zhou C, Xiao F, Lee YJ. YOLACT: Real-time 
instance segmentation. Paper presented at: 2019 IEEE/CVF 
International Conference on Computer Vision (ICCV); 2019 
Oct 27–Nov 02; Seoul, Korea (South).

	 65.	 Mattupalli C, Seethepalli A, York LM, Young CA. Digital 
imaging to evaluate root system architectural changes 
associated with soil biotic factors. BioRxiv. 2018. https://doi.
org/10.1101/505321

	 66.	 Li F-F, Fergus R, Perona P. One-shot learning of object 
categories. IEEE Trans Pattern Anal Mach Intell. 
2006;28(4):594–611.

	 67.	 Smith AG, Petersen J, Selvan R, Rasmussen CR. Segmentation 
of roots in soil with U-Net. Plant Methods. 2020;16(1):13.

	 68.	 Xu W, Yu G, Cui Y, Gloaguen R, Zare A, Bonnette J, 
Reyes-Cabrera J, Rajurkar A, Rowland D, Matamala R, 
et al. PRMI: A dataset of minirhizotron images for diverse 
plant root study. ArXiv: 2022. https://doi.org/10.48550/
arXiv.2201.08002

	 69.	 Baykalov P, Bussmann B, Nair R, Smith AG, Bodner G, 
Hadar O, Lazarovitch N, Rewald B. Semantic segmentation 
of plant roots from RGB (mini-) rhizotron images—
Generalisation potential and false positives of established 
methods and advanced deep-learning models. Plant Methods. 
2023;19(1):122.

	 70.	 Wang X, Cao W. GACN: Generative adversarial classified 
network for balancing plant disease dataset and plant disease 
recognition. Sensors. 2023;23(15):6844.

	 71.	 Jackson PT, Atapour-Abarghouei A, Bonner S, Breckon T, 
Obara B. Style augmentation: data augmentation via style 
randomization. ArXiv. 2019. https://doi.org/10.48550/
arXiv.1809.05375

	 72.	 Zhang C, Bengio S, Hardt M, Recht B, Vinyals O. 
Understanding deep learning (still) requires rethinking 
generalization. Commun ACM. 2021;64(3):107–115.

	 73.	 Seidenthal K, Panjvani K, Chandnani R, Kochian L,  
Eramian M. Iterative image segmentation of plant roots for 
high-throughput phenotyping. Sci Rep. 2022;12(1):16563.

	 74.	 Taylor L, Nitschke G. Improving Deep Learning with 
Generic Data Augmentation. Paper presented at: 2018 IEEE 
Symposium Series on Computational Intelligence (SSCI); 
2018 Nov 18–21; Bangalore, India.

	 75.	 Wong SC, Gatt A, Stamatescu V, Mc Donnell MD. 
Understanding data augmentation for classification: When to 
warp? ArXiv. 2016. https://doi.org/10.48550/arXiv.1609.08764

	 76.	 Ras G. Xie N, van Gerven M, Doran D. Explainable deep 
learning: A field guide for the uninitiated. ArXiv. 2020. 
https://doi.org/10.48550/arXiv.2004.14545

	 77.	 Marcinkevičs R, Vogt JE. Interpretable and explainable 
machine learning: A methods-centric overview with concrete 

D
ow

nloaded from
 https://spj.science.org at O

ak R
idge N

ational L
ab on M

ay 21, 2024

https://doi.org/10.34133/plantphenomics.0178
https://ieeexplore.ieee.org/xpl/conhome/8097368/proceeding
https://ieeexplore.ieee.org/xpl/conhome/8097368/proceeding
https://doi.org/10.1101/505321
https://doi.org/10.1101/505321
https://doi.org/10.48550/arXiv.2201.08002
https://doi.org/10.48550/arXiv.2201.08002
https://doi.org/10.48550/arXiv.1809.05375
https://doi.org/10.48550/arXiv.1809.05375
https://ieeexplore.ieee.org/xpl/conhome/8610062/proceeding
https://ieeexplore.ieee.org/xpl/conhome/8610062/proceeding
https://doi.org/10.48550/arXiv.1609.08764


Weihs et al. 2024 | https://doi.org/10.34133/plantphenomics.0178 15

examples. Wires Data Min Knowl Discov. 2023;13(3): 
Article e1493.

	 78.	 Northcutt CG, Athalye A, Mueller J. Pervasive label errors 
in test sets destabilize machine learning benchmarks. ArXiv. 
2021. https://doi.org/10.48550/arXiv.2103.14749

	 79.	 Northcutt C, Jiang L, Chuang I. Confident learning: 
Estimating uncertainty in dataset labels. J Artif Intell Res. 
2021;70:1373–1411.

	 80.	 Akhtar N, Mian A. Threat of adversarial attacks on deep 
learning in computer vision: A survey. IEEE Access. 
2018;6:14410–14430.

	 81.	 Szegedy C, Zaremba W, Sutskever I, Bruna J, Erhan D,  
Goodfellow I, Fergus R. Intriguing properties of neural 
networks. ArXiv. 2013. https://doi.org/10.48550/
arXiv.1312.6199

	 82.	 Jäkel F, Singh M, Wichmann FA, Herzog MH. An overview 
of quantitative approaches in Gestalt perception. Vis Res. 
2016;126:3–8.

	 83.	 Göpfert JP, Artelt A, Wersing H, Hammer B. Adversarial 
attacks hidden in plain sight. In: Advances in intelligent 
data analysis XVIII. Konstanz (Germany): Springer; 2020 p. 
235–247.

	 84.	 Bai Y, Huang R, Viswanathan V, Kuo T-S, Wu T. Measuring 
adversarial datasets. ArXiv. 2023. https://doi.org/10.48550/
arXiv.2311.03566

	 85.	 Zhong D, Novais J, Grift TE, Bohn M, Han J. Maize root 
complexity analysis using a support vector machine method. 
Comput Electron Agric. 2009;69(1):46–50.

	 86.	 Pound MP, Atkinson JA, Townsend AJ, Wilson MH, Griffiths 
M, Jackson AS, Bulat A, Tzimiropoulos G, Wells DM, 
Murchie EH, et al. Deep machine learning provides state-
of-the-art performance in image-based plant phenotyping. 
BioRxiv. 2016. https://doi.org/10.1101/053033

	 87.	 Yasrab R, Atkinson JA, Wells DM, French AP, Pridmore TP,  
Pound MP. RootNav 2.0: Deep learning for automatic 
navigation of complex plant root architectures. Gigascience. 
2019;8(11):giz123.

	 88.	 Yu G, Zare A, Sheng H, Matamala R, Reyes-Cabrera J, 
Fritschi FB, Juenger TE. Root identification in minirhizotron 
imagery with multiple instance learning. Mach Vis Appl. 
2020;31(6):43.

	 89.	 Shen C, Liu L, Zhu L, Kang J, Wang N, Shao L. High-
throughput in situ root image segmentation based on 
the improved DeepLabv3+ method. Front Plant Sci. 
2020;11:576791.

	 90.	 Chen L-C, Zhu Y, Papandreou G, Schroff F, Adam H. 
Encoder-decoder with atrous separable convolution for 
semantic image segmentation. ArXiv. 2018. https://doi.
org/10.48550/arXiv.1802.02611

	 91.	 Kang J, Liu L, Zhang F, Shen C, Wang N, Shao L. Semantic 
segmentation model of cotton roots in-situ image 
based on attention mechanism. Comput Electron Agric. 
2021;189:Article 106370.

	 92.	 Möller B, Schreck B, Posch S. Analysis of Arabidopsis 
root images — Studies on CNNs and skeleton-based root 
topology. Paper presented at: 2021 IEEE/CVF International 
Conference on Computer Vision Workshops (ICCVW); 2021 
Oct 11–17; Montreal, BC, Canada.

	 93.	 Lube V, Noyan MA, Przybysz A, Salama K, Blilou I. 
MultipleXLab: A high-throughput portable live-imaging root 
phenotyping platform using deep learning and computer 
vision. Plant Methods. 2022;18(1):38.

	 94.	 Bauer FM, Lärm L, Morandage S, Lobet G, Vanderborght J, 
Vereecken H, Schnepf A. Development and validation of a 
deep learning based automated minirhizotron image analysis 
pipeline. Plant phenomics. 2022;2022:9758532.

	 95.	 Li L, Verma M, Nakashima Y, Nagahara H, Kawasaki R. 
IterNet: Retinal image segmentation utilizing structural 
redundancy in vessel networks. Paper presented at: 2020 
IEEE Winter Conference on Applications of Computer 
Vision (WACV); 2020 Mar 01–05; Snowmass, CO, USA.

	 96.	 Wang T, Rostamza M, Song Z, Wang L, McNickle G, Iyer-
Pascuzzi AS, Qiu Z, Jin J. SegRoot: A high throughput 
segmentation method for root image analysis. Comput 
Electron Agric. 2019;162:845–854.

	 97.	 Pierz LD, Heslinga DR, Buell CR, Haus MJ. An image-based 
technique for automated root disease severity assessment 
using PlantCV. Appl Plant Sci. 2023;11(1):Article e11507.

	 98.	 Gehan MA, Fahlgren N, Abbasi A, Berry JC, Callen ST, 
Chavez L, Doust AN, Feldman MJ, Gilbert KB,  
Hodge JG, et al. PlantCV v2: Image analysis software for 
high-throughput plant phenotyping. PeerJ. 2017;5: 
Article e4088.

	 99.	 Wang C, Sun S, Zhao C, Mao Z, Wu H, Teng G. A detection 
model for cucumber root-knot nematodes based on modified 
YOLOv5-CMS. Agronomy. 2022;12(10):2555.

	100.	 Sell M, Smith AG, Burdun I, Rohula-Okunev G, Kupper P,  
Ostonen I. Assessing the fine root growth dynamics of 
Norway spruce manipulated by air humidity and soil nitrogen 
with deep learning segmentation of smartphone images. Plant 
Soil. 2022;480(1-2):135–150.

	101.	 Griffiths M, Liu AE, Gunn SL, Mutan NM, Morales EY,  
Topp CN. A temporal analysis and response to nitrate 
availability of 3D root system architecture in diverse 
pennycress (Thlaspi arvense L.) accessions. Front Plant Sci. 
2023;14:Article 1145389.

	102.	 Pace J, Lee N, Naik HS, Ganapathysubramanian B, 
Lübberstedt T. Analysis of maize (Zea mays L.) seedling 
roots with the high-throughput image analysis tool ARIA 
(automatic root image analysis). PLOS ONE. 2014;9(9): 
Article e108255.

	103.	 Bucksch A, Burridge J, York LM, das A, Nord E, Weitz JS, 
Lynch JP. Image-based high-throughput field phenotyping of 
crop roots. Plant Physiol. 2014;166(2):470–486.

	104.	 Rellán-Álvarez R, Lobet G, Lindner H, Pradier PL,  
Sebastian J, Yee MC, Geng Y, Trontin C, LaRue T,  
Schrager-Lavelle A, et al. GLO-Roots: An imaging platform 
enabling multidimensional characterization of soil-grown 
root systems. elife. 2015;4:Article e07597.

	105.	 Arsenault J-L, Poulcur S, Messier C, Guay R. WinRHlZO™, 
a root-measuring system with a unique overlap correction 
method. HortSci. 1995;30(4):906D–906D.

	106.	 Kamilaris A, Prenafeta-Boldú FX. Deep learning in 
agriculture: A survey. Comput Electron Agric. 2018;147:70–90.

	107.	 Paez-Garcia A, Motes C, Scheible WR, Chen R, Blancaflor E, 
Monteros M. Root traits and phenotyping strategies for plant 
improvement. Plants. 2015;4(2):334–355.

	108.	 Weihs B, Bergstrom R, Ruffing C, McLauchlan K. Woody 
encroachment of a riparian corridor in a tallgrass prairie: 
Dendrochronological evidence from Kansas. Pap Appl Geogr. 
2016;2(1):1–8.

	109.	 York LM. Functional phenomics: An emerging field 
integrating high-throughput phenotyping, physiology, and 
bioinformatics. J Exp Bot. 2019;70(2):379–386.

D
ow

nloaded from
 https://spj.science.org at O

ak R
idge N

ational L
ab on M

ay 21, 2024

https://doi.org/10.48550/arXiv.2311.03566
https://doi.org/10.48550/arXiv.2311.03566
https://doi.org/10.48550/arXiv.1802.02611
https://doi.org/10.48550/arXiv.1802.02611
https://ieeexplore.ieee.org/xpl/conhome/9087828/proceeding
https://ieeexplore.ieee.org/xpl/conhome/9087828/proceeding
https://ieeexplore.ieee.org/xpl/conhome/9087828/proceeding


Weihs et al. 2024 | https://doi.org/10.34133/plantphenomics.0178 16

	110.	 Tardieu F, Cabrera-Bosquet L, Pridmore T, Bennett M. 
Plant phenomics, from sensors to knowledge. Curr Biol. 
2017;27(15):R770–R783.

	111.	 Lobet G, Pound MP, Diener J, Pradal C, Draye X, Godin C, 
Javaux M, Leitner D, Meunier F, Nacry P, et al. Root System 

Markup Language: Toward a unified root architecture 
description language. Plant Physiol. 2015;167(3):617–627.

	112.	 Zobel RW, Waisel Y. A plant root system architectural 
taxonomy: A framework for root nomenclature. Plant 
Biosystems. 2010;144(2):507–512.

D
ow

nloaded from
 https://spj.science.org at O

ak R
idge N

ational L
ab on M

ay 21, 2024

https://doi.org/10.34133/plantphenomics.0178

	The State of the Art in Root System Architecture Image Analysis Using Artificial Intelligence: A Review
	Introduction
	Why Roots?
	Root Acquisition
	Root Image Analysis Using AI and ML
	What are AI, ML, and DL?
	The learning process and model objectives of ML
	ML challenges
	Case studies of AI applied to root structure analysis

	Discussion and Future Research
	Acknowledgments
	References


