
Image-based deep learning approaches for plant phenotyping

by

Chaoxin Wang

B.A., Capital Normal University, China, 2011

M.A., Kent State University, U.S., 2014

M.S., Kansas State University, U.S., 2020

AN ABSTRACT OF A DISSERTATION

submitted in partial fulfillment of the
requirements for the degree

Doctor of Philosophy

Department of Computer Science
Carl R. Ice College of Engineering

KANSAS STATE UNIVERSITY
Manhattan, Kansas

2022



Abstract

The genetic potential of plant traits remains unexplored due to challenges in available

phenotyping methods. Deep learning could be used to build automatic tools for identifying,

localizing and quantifying plant features based on agricultural images. This dissertation

describes the development and evaluation of state-of-the-art deep learning approaches for

several plant phenotyping tasks, including characterization of rice root anatomy based on

microscopic root cross-section images, estimation of sorghum stomatal density and area based

on microscopic images of leaf surfaces, and estimation of the chalkiness in rice exposed to

high night temperature based on images of rice grains.

For the root anatomy task, anatomical traits such as root, stele and late metaxylem were

identified using a deep learning model based on Faster Region-based Convolutional Neural

Network (Faster R-CNN) with the pre-trained VGG-16 as backbone. The model was trained

on root cross-section images of roots, where the traits of interest were manually annotated

as rectangular bounding boxes using the LabelImg tool. The traits were also predicted as

rectangular bounding boxes, which were compared with the ground truth bounding boxes

in terms of intersection over union metric to evaluate the detection accuracy. The predicted

bounding boxes were subsequently used to estimate root and stele diameter, as well as

late metaxylem count and average diameter. Experimental results showed that the trained

models can accurately detect and quantify anatomical features, and are robust to image

variations. It was also observed that using the pre-trained VGG-16 network enabled the

training of accurate models with a relatively small number of annotated images, making this

approach very attractive in terms of adaptations to new tasks.

For estimating sorghum stomatal density and area, a deep learning approach for instance

segmentation was used, specifically a Mask Region-based Convolutional Neural Network

(Mask R-CNN), which produces pixel-level annotations of stomata objects. The pre-trained



ResNet-101 network was used as the backbone of the model in combination with the feature

pyramid network (FPN) that enables the model to identify objects at different scales. The

Mask R-CNN model was trained on microscopic leaf surface images, where the stomata

objects have been manually labeled at pixel level using the VGG Image Annotator tool. The

predicted stomata masks were counted, and subsequently used to estimate the stomatal area.

Experimental results showed a strong correlation between the predicted counts/stomatal area

and the corresponding manually produced values. Furthermore, as for the root anatomy task,

this study showed that very accurate results can be obtained with a relatively small number

of annotated images.

Working on the root anatomy detection and stomatal segmentation tasks showed that

manually annotating data, in terms of bounding boxes and especially pixel-level masks, can

be a tedious and time-consuming job, even when a relatively small number of annotated

images are used for training. To address this challenge, for the task of estimating chalkiness

based on images of rice grains exposed to high night temperatures, a weakly supervised

approach was used, specifically, an approach based on Gradient-weighted Class Activation

Mapping (Grad-CAM). Instead of performing pixel-level segmentation of the chalkiness in

rice images, the weakly supervised approach makes use of high-level annotations of images as

chalky or not-chalky. A convolutional neural network (e.g., ResNet-101) for binary classifi-

cation is trained to distinguish between chalky and not-chalky images, and subsequently the

gradients of the chalky class are used to determine a heatmap corresponding to the chalkiness

area and also a chalkiness score for a grain. Experimental results on both polished and un-

polished rice grains using standard instance classification and segmentation metrics showed

that Grad-CAM can accurately identify chalky grains and detect the chalkiness area. The

results also showed that the models trained on polished rice cannot be transferred between

polished and unpolished rice, suggesting that new models need to be trained and fine-tuned

for other types of rice grains and possibly images taken under different conditions.

In conclusion, this dissertation first contributes to the field of deep learning by introducing

new and challenging tasks that require adaptations of existing deep learning models. It also

contributes to the field of agricultural image analysis and plant phenotyping by introducing



fully automated high-throughput tools for identifying, localizing and quantifying plant traits

that are of significant importance to breeding programs. All the datasets and models trained

in this dissertation have been made publicly available to enable the deep learning community

to use them and further advance the state-of-the-art on the challenging tasks addressed in

this dissertation. The resulting tools have also been made publicly available as web servers

to enable the plant breeding community to use them on images collected for tasks similar to

those addressed here.

Future work will focus on the adaptation of the models used in this dissertation to other

similar tasks, and also on the development of similar models for other tasks relevant to the

plant breeding community, to the agriculture community at large.
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Abstract

The genetic potential of plant traits remains unexplored due to challenges in available

phenotyping methods. Deep learning could be used to build automatic tools for identifying,

localizing and quantifying plant features based on agricultural images. This dissertation

describes the development and evaluation of state-of-the-art deep learning approaches for

several plant phenotyping tasks, including characterization of rice root anatomy based on

microscopic root cross-section images, estimation of sorghum stomatal density and area based

on microscopic images of leaf surfaces, and estimation of the chalkiness in rice exposed to

high night temperature based on images of rice grains.

For the root anatomy task, anatomical traits such as root, stele and late metaxylem were

identified using a deep learning model based on Faster Region-based Convolutional Neural

Network (Faster R-CNN) with the pre-trained VGG-16 as backbone. The model was trained

on root cross-section images of roots, where the traits of interest were manually annotated

as rectangular bounding boxes using the LabelImg tool. The traits were also predicted as

rectangular bounding boxes, which were compared with the ground truth bounding boxes

in terms of intersection over union metric to evaluate the detection accuracy. The predicted

bounding boxes were subsequently used to estimate root and stele diameter, as well as

late metaxylem count and average diameter. Experimental results showed that the trained

models can accurately detect and quantify anatomical features, and are robust to image

variations. It was also observed that using the pre-trained VGG-16 network enabled the

training of accurate models with a relatively small number of annotated images, making this

approach very attractive in terms of adaptations to new tasks.

For estimating sorghum stomatal density and area, a deep learning approach for instance

segmentation was used, specifically a Mask Region-based Convolutional Neural Network

(Mask R-CNN), which produces pixel-level annotations of stomata objects. The pre-trained



ResNet-101 network was used as the backbone of the model in combination with the feature

pyramid network (FPN) that enables the model to identify objects at different scales. The

Mask R-CNN model was trained on microscopic leaf surface images, where the stomata

objects have been manually labeled at pixel level using the VGG Image Annotator tool. The

predicted stomata masks were counted, and subsequently used to estimate the stomatal area.

Experimental results showed a strong correlation between the predicted counts/stomatal area

and the corresponding manually produced values. Furthermore, as for the root anatomy task,

this study showed that very accurate results can be obtained with a relatively small number

of annotated images.

Working on the root anatomy detection and stomatal segmentation tasks showed that

manually annotating data, in terms of bounding boxes and especially pixel-level masks, can

be a tedious and time-consuming job, even when a relatively small number of annotated

images are used for training. To address this challenge, for the task of estimating chalkiness

based on images of rice grains exposed to high night temperatures, a weakly supervised

approach was used, specifically, an approach based on Gradient-weighted Class Activation

Mapping (Grad-CAM). Instead of performing pixel-level segmentation of the chalkiness in

rice images, the weakly supervised approach makes use of high-level annotations of images as

chalky or not-chalky. A convolutional neural network (e.g., ResNet-101) for binary classifi-

cation is trained to distinguish between chalky and not-chalky images, and subsequently the

gradients of the chalky class are used to determine a heatmap corresponding to the chalkiness

area and also a chalkiness score for a grain. Experimental results on both polished and un-

polished rice grains using standard instance classification and segmentation metrics showed

that Grad-CAM can accurately identify chalky grains and detect the chalkiness area. The

results also showed that the models trained on polished rice cannot be transferred between

polished and unpolished rice, suggesting that new models need to be trained and fine-tuned

for other types of rice grains and possibly images taken under different conditions.

In conclusion, this dissertation first contributes to the field of deep learning by introducing

new and challenging tasks that require adaptations of existing deep learning models. It also

contributes to the field of agricultural image analysis and plant phenotyping by introducing



fully automated high-throughput tools for identifying, localizing and quantifying plant traits

that are of significant importance to breeding programs. All the datasets and models trained

in this dissertation have been made publicly available to enable the deep learning community

to use them and further advance the state-of-the-art on the challenging tasks addressed in

this dissertation. The resulting tools have also been made publicly available as web servers

to enable the plant breeding community to use them on images collected for tasks similar to

those addressed here.

Future work will focus on the adaptation of the models used in this dissertation to other

similar tasks, and also on the development of similar models for other tasks relevant to the

plant breeding community, to the agriculture community at large.
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Chapter 1

Introduction

Object detection and segmentation are two fundamental tasks in deep learning and com-

puter vision. They have many real-life applications in domains such as autonomous driving,

healthcare monitoring, video surveillance, anomaly detection, or robot vision. In crop sci-

ence, object detection and segmentation are used for plant phenotyping, a process of measur-

ing and analyzing observable plant characteristics. Usually, plant phenotyping is done using

manual low-throughput methods or traditional computer vision tool kits. However, manual

methods are slow, laborious and expensive, while tool kits face several challenges. The �rst

challenge relates to the fact that existing computer vision tools come with a range of inherent

biases and limitations (e.g., assumptions of arti�cial plant growth conditions), with none of

the techniques currently available clearly standing out as a promising \blanket �t" approach

(Clark et al., 2011; Durham Brooks et al., 2010; Sozzani et al., 2014).The second challenge

comes from the fact that existing tools are not fully automated and require signi�cant human

e�ort to produce accurate results. The third challenge is that, in the current genomics era,

phenotyping of traits has been identi�ed as a substantial bottleneck compared to generating

large genome sequence datasets (Hudson, 2008). To derive extensive bene�t from the ge-

netic progress achieved, deep learning tools that facilitate high-throughput phenotyping are

needed.
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Deep learning is an area of machine learning focused on (deep) multi-layer arti�cial neu-

ral networks, which can learn non-linear dependencies, and implicitly capture complex and

diverse patterns in the input data (Goodfellow et al., 2016). Deep learning has been suc-

cessfully used in many application domains, including computer vision, natural language

processing, speech recognition, autonomous driving, among others (LeCun et al., 2015). In

recent years, applications of advanced deep learning techniques to challenging problems in

crop analysis have led to state-of-the-art results that outperform the results of traditional

machine learning and image analysis techniques (Kamilaris and Prenafeta-Bold�u, 2018).

Among many successful applications of deep learning techniques in bioinformatics and com-

putational biology, deep learning techniques have expanded the ability to accurately predict

a plant phenotype (Mohanty et al., 2016). Such achievements have enabled researchers to

capture a wide range of genetic diversity, a task which has been hardly possible in the past,

given the amount of time and e�ort involved in manual analysis (Singh et al., 2016). Thus,

this research aims to contribute to the plant phenotyping area and focuses on developing and

applying deep learning approaches to identify, localizing, measuring the plant characteristics.

More speci�cally, this research focuses on the analysis of agricultural plant images and

aims to build automated tools for crop physiology and plant breeding, and ultimately for

farmers that may need to extract phenotype data from agricultural images.

An agricultural image is a general concept identi�able in many di�erent formats and

obtained using a variety of image acquisition tools, such as common scanners, microscopes,

x-ray scanning, etc. While all image types and formats can be useful for agricultural image

analysis, this research is focused on common scanner and microscopic images. The reason for

focusing on images acquired by those types of equipment as opposed to x-ray or other more

sophisticated equipment include: 1) the cost of image acquisition can be expensive for more

sophisticated tools; 2) employ the most common formats to ensure broader applicability of

the tools not just by science labs, but also by regular users that may not have access to

high-end image acquisition technologies; 3) create pipelines that can be easily deployed and

2



used by larger groups; 4) minimize the overall pipeline development and usage time).

Leveraging images acquired using common scanners and microscopic images, this research

aims to address the following problems using deep learning approaches:

1. Identify, localize, and quantify objects of interest in agricultural images.

2. Develop pipelines that can perform high-throughput automated analysis of agricultural

images acquired using common imaging equipment.

3. Deploy user-friendly deep learning tools as web servers for the research community and

general public.

The speci�c contributions of this dissertation are the following:

� Chapter 2: Proposed an approach for performing root anatomy based on root cross-

section image analysis using Faster R-CNN deep learning networks (Wang et al., 2019).

Aboveground plant e�ciency has improved signi�cantly in recent years, and the im-

provement has led to a steady increase in global food production. The improvement of

belowground plant e�ciency has potential to further increase food production. How-

ever, belowground plant roots are harder to study, due to inherent challenges presented

by root phenotyping. Several tools for identifying root anatomical features in root

cross-section images have been proposed. However, the existing tools are not fully au-

tomated and require signi�cant human e�ort to produce accurate results. To address

this limitation, we use a fully automated approach, speci�cally, the Faster Region-based

Convolutional Neural Network (Faster R-CNN), to identify anatomical traits in root

cross-section images. By training Faster R-CNN models on root cross-section images,

we can detect objects such as root, stele and late metaxylem, and predict rectangular

bounding boxes around such objects. Subsequently, the bounding boxes can be used

to estimate the root diameter, stele diameter, late metaxylem number, and average

diameter. Experimental evaluation using standard object detection metrics, such as

3



intersection-over-union and mean average precision, has shown that the Faster R-CNN

models trained on rice root cross-section images can accurately detect root, stele and

late metaxylem objects. Furthermore, the results have shown that the measurements

estimated based on predicted bounding boxes have small root mean square error when

compared with the corresponding ground truth values, suggesting that Faster R-CNN

can be used to accurately detect anatomical features.

� Chapter 3: Proposed an approach for �nding the stomatal density and area in sorghum

leaf images using Mask R-CNN deep networks (Bheemanahalli et al., 2021).

Stomatal density (SD) and stomatal complex area (SCA) are important traits that reg-

ulate gas exchange and abiotic stress response in plants. Despite sorghum (Sorghum

bicolor) adaptation to arid conditions, the genetic potential of stomata-related traits

remains unexplored due to challenges in available phenotyping methods. Identifying

loci that control stomatal traits is fundamental to designing strategies to breed sorghum

with optimized stomatal regulation. We implemented both classical and deep learning

methods to characterize genetic diversity in 311 grain sorghum accessions for stom-

atal traits at two di�erent �eld environments. Nearly 12,000 images collected from

abaxial (Ab) and adaxial (Ad) leaf surfaces revealed substantial variation in stom-

atal traits. The study demonstrated signi�cant agreement between manual and deep

learning methods for predicting SD and SCA.

� Chapter 4: Proposed a deep learning based high-throughput phenotyping of chalkiness

in rice exposed to high night temperature (Wang et al., 2022).

Rice is a major staple food crop for more than half the world's population. As the

global population is expected to reach 9.7 billion by 2050, increasing the production of

high-quality rice is needed to meet the soaring demand. However, global environmental

changes, especially increasingly high temperatures, can a�ect grain yield and quality.

Heat stress is one of the major causes of an increased proportion of chalkiness in rice,
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which compromises quality and, in turn, reduces the market value. Researchers have

identi�ed 140 quantitative trait loci linked to chalkiness mapped across 12 chromosomes

of the rice genome. However, the available genetic information quanti�ed by employ-

ing advances in genetics has not been adequately exploited due to a lack of a reliable,

rapid and high-throughput phenotyping tool to capture chalkiness. To derive extensive

bene�t from the genetic progress achieved, tools that facilitate high-throughput phe-

notyping of rice chalkiness are needed. We use a fully automated approach based on

convolutional neural networks (CNNs) augmented with Gradient-weighted Class Ac-

tivation Mapping (Grad-CAM) to detect chalkiness in rice grain images. Speci�cally,

we train a CNN model to distinguish between chalky and non-chalky grains and sub-

sequently use Grad-CAM to identify the area of a grain that is indicative of the chalky

class. The area identi�ed by the Grad-CAM approach takes the form of a smooth

heatmap that can be used to quantify the degree of chalkiness. Experimental results

on both polished and unpolished rice grains using standard instance classi�cation and

segmentation metrics have shown that the Grad-CAM approach can accurately iden-

tify chalky grains and detect the chalkiness area. We have successfully demonstrated

the application of a Grad-CAM based tool to accurately capture high night temper-

ature induced chalkiness in rice. The models trained will be made publicly available.

They are easy-to-use, scalable and can be readily incorporated into ongoing rice breed-

ing programs, without rice researchers requiring computer science or machine learning

expertise.
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Chapter 2

Root anatomy based on root

cross-section image analysis with deep

learning

Abstract: Aboveground plant e�ciency has improved signi�cantly in recent years, and the

improvement has led to a steady increase in global food production. The improvement of

belowground plant e�ciency has potential to further increase food production. However,

belowground plant roots are harder to study, due to inherent challenges presented by root

phenotyping. Several tools for identifying root anatomical features in root cross-section

images have been proposed. However, the existing tools are not fully automated and require

signi�cant human e�ort to produce accurate results. To address this limitation, we use a fully

automated approach, speci�cally, the Faster Region-based Convolutional Neural Network

(Faster R-CNN), to identify anatomical traits in root cross-section images. By training

Faster R-CNN models on root cross-section images, we can detect objects such as root,

stele and late metaxylem, and predict rectangular bounding boxes around such objects.

Subsequently, the bounding boxes can be used to estimate the root diameter, stele diameter,

late metaxylem number, and average diameter. Experimental evaluation using standard
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object detection metrics, such as intersection-over-union and mean average precision, has

shown that the Faster R-CNN models trained on rice root cross-section images can accurately

detect root, stele and late metaxylem objects. Furthermore, the results have shown that the

measurements estimated based on predicted bounding boxes have small root mean square

error when compared with the corresponding ground truth values, suggesting that Faster R-

CNN can be used to accurately detect anatomical features. Finally, a comparison with Mask

R-CNN, an instance segmentation approach, has shown that the Faster R-CNN network

produces overall better results given a small training set. A webserver for performing root

anatomy using the Faster R-CNN models trained on rice images, and a link to a GitHub

repository containing a copy of the Faster R-CNN code are made available to the research

community. The labeled images used for training and evaluating the Faster R-CNN models

are also available from the GitHub repository.

Keywords: Image Analysis, Deep Learning, Object Detection, Faster R-CNN, Root

Anatomy

2.1 Introduction

The crop scienti�c community has made signi�cant strides in increasing global food produc-

tion through advances in genetics and management, with majority of the progress achieved

by improving aboveground plant e�ciency (Araus et al., 2008; Bishopp and Lynch, 2015;

Khush, 2013). The belowground plant roots, which provide water and nutrients for plant

growth, are relatively less investigated. This is primarily because of the di�culty in accessing

the roots, and the complexity of phenotyping root biology and function (Jung and Mccouch,

2013; Schmidt and Gaudin, 2017). Hence, root potential has largely been untapped in crop

improvement programs (Jung and Mccouch, 2013; Schmidt and Gaudin, 2017). Over the

past decade, di�erent root phenotyping approaches have been developed for studying root

architecture, including basket method for root angle (Uga et al., 2013), rhizotron method

7



for tracking root branching, architecture and growth dynamics (Bucksch et al., 2014), shov-

elomics, a.k.a., root crown phenotyping (Colombi et al., 2015), among others. Recent ad-

vances in magnetic resonance imaging and X-ray computed tomography detection systems

have provided the opportunity to investigate root growth dynamics in intact plants at high

temporal frequency (Mooney et al., 2012; Pfeifer et al., 2015; Schulz et al., 2013; Topp et al.,

2013; van Dusschoten et al., 2016). However, each of these techniques comes with a range

of inherent biases or limitations (such as arti�cial plant growth conditions), with none of

the techniques currently available clearly standing out as a promising \blanket �t" approach

(Clark et al., 2011; Durham Brooks et al., 2010; Sozzani et al., 2014). Recent non-destructive

technologies, such as X-ray computed tomography, are extremely expensive, and thus beyond

the reach of common crop improvement programs, in addition to not having the bandwidth

to capture large genetic diversity.

Machine learning, in general, and deep neural networks (a.k.a., deep learning), in partic-

ular, are expanding the ability to accurately predict a plant phenotype (Aich and Stavness,

2017; Dobrescu et al., 2017; Kamilaris and Prenafeta-Bold�u, 2018; Khan et al., 2018; Namin

et al., 2017; Pound et al., 2017a; Singh et al., 2016; Tardieu et al., 2017; Ubbens and Stavness,

2017). These technological advances have enabled researchers to capture a wide range of ge-

netic diversity, a task which has been hardly possible in the past, given the amount of time

and e�ort involved in manual analysis. Several recent studies have used deep learning ap-

proaches for identifying and quantifying aboveground plant traits, such as the number of

leaves in rosette plants, based on high-resolution RBF images (Aich and Stavness, 2017;

Dobrescu et al., 2017; Ubbens and Stavness, 2017). Other investigations have focused on

identifying plant diseases (Mohanty et al., 2016) or on stress phenotyping (Singh et al., 2016).

Furthermore, several prior studies have focused on data-driven approaches and tools for

belowground plant phenotyping, including identifying and quantifying root morphological

parameters, such as changes in root architecture, or branching and growth (Beteg�on-Putze

et al., 2018; Delory et al., 2018; Pound et al., 2017b; Reeb et al., 2018). Such approaches
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rely on standard image analysis techniques as opposed to state-of-the-art deep learning.

Both root morphological and anatomical traits are important in relation to the e�ciency

of soil moisture absorption by the root system. Large genetic variation in root related traits

has positioned rice to uptake water and increase yields under a range of ecological conditions,

including 
ooded and dryland conditions (Gowda et al., 2011). Root anatomical traits such

as nodal root diameter (RD) (Henry et al., 2012), late metaxylem diameter (LMXD) and

number (LMXN) (Comas et al., 2013; Lynch et al., 2014; Richards and Passioura, 1989), and

stele diameter (SD) and its proportion to root diameter (SD:RD) (Kadam et al., 2015) have

been proposed as key traits for optimized acquisition of water and productivity under water-

limited conditions (Henry et al., 2012). Thin SD:RD has been used as a surrogate measure

of cortex tissue area/width, which helps in the improvement of water 
ow and retention in

vascular tissue (Kadam et al., 2015; Rieger and Litvin, 1999). Late metaxylem number and

diameter along the root in
uence the hydraulic conductivity (Kadam et al., 2015; Richards

and Passioura, 1989). These parameters mentioned above help to determine e�ective water

use throughout the crop growth period (Lynch et al., 2014; Wasson et al., 2012).

Innovations in image acquisition technologies have made it possible to gather relatively

large sets of root cross-section images, enabling studies on root anatomy. Several approaches

and tools for quantifying root anatomical variation based on cross-section images have been

proposed in recent years (Burton et al., 2012; Chopin et al., 2015; Lartaud et al., 2015).

However, the existing tools are only partially automated, as they require user input and �ne-

tuning of the parameters for each speci�c image or for a batch of images. Fully automated

tools exist for the analysis of hypocotyl cross-sections (i.e., the region in between seed leaves

and roots) in the context of secondary growth (Hall et al., 2016; Sankar et al., 2014), but

they are not directly applicable to the analysis of root cross-section images. Thus, there is

a pressing need for automated root cross-section image analysis tools that can be used to

perform root anatomy at a low cost.

To address this limitation, we have taken advantage of recent advances in deep learning
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and image analysis, and used a modern, fully-automated deep learning approach, the Faster

R-CNN network (Ren et al., 2015), to identify and quantify root anatomical parameters

indicative of physiological and genetic responses of root anatomical plasticity in �eld crops.

Speci�cally, as a proof-of-concept, we have focused on the following parameters: root di-

ameter (RD), stele diameter (SD), late metaxylem diameter (LMXD) and late metaxylem

number (LMXN), which were found important in relation to water-de�cit stress in our prior

work (Kadam et al., 2015, 2017). A graphical illustration of these parameters is shown in

Figure 2.1.

Figure 2.1 : Root anatomical traits. (Top) Root cross-section with highlighted root diameter
and stele. Image taken at 50x magni�cation. (Bottom) Enlarged stele with highlighted stele
diameter, and late metaxylem diameter. The late metaxylem number is also a trait of interest.
The image was taken at 100x magni�cation.

The existing Faster R-CNN model was trained on rice root cross-section images. The

trained model was used to detect objects of interest in a root cross-section image (i.e.,

root, stele and late metaxylem), together with their corresponding bounding boxes. Subse-

quently, the bounding boxes were used to estimate anatomical parameters such as RD, SD,

LMXD, LMXN. The Faster R-CNN model generalizes well to unseen images, thus eliminat-

ing the need for the end-user to hand-draw a stele border or manually choose or correct the
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metaxylem cells, tasks that are time-consuming, and also prone to noise and errors.

To summarize, our main contributions are as follows:

� We have used the Faster R-CNN network trained on root cross-section images to detect

root, stele and late metaxylem objects, and their corresponding bounding boxes.

� We have investigated the Faster R-CNN model with respect to the number of instances

needed to accurately detect objects of interest, and their corresponding bounding boxes.

� We have evaluated the ability of the predicted bounding boxes to produce accurate

estimates for anatomical properties, and performed error analysis to identify sources

of errors.

� We have compared the results of the Faster R-CNN network (an object detection

model) with results obtained using Mask R-CNN network (an instance segmentation

model), and showed that the Faster R-CNN model produces better results overall,

given a small training set.

� We have identi�ed advantages and disadvantages of Faster R-CNN approach for root

anatomy by comparison with existing approaches for this task.

2.2 Related work on root anatomy

There are several approaches and tools for quantifying root anatomical variation based on

cross-section images (Burton et al., 2012; Chopin et al., 2015; Lartaud et al., 2015). Ap-

proaches in this category can be roughly categorized as manual, semi-automated, and auto-

mated approaches. Manual analysis of root images relies heavily on subjective assessments,

and is suitable only for low throughput analysis. ImageJ (Schneider et al., 2012) is an image

analysis tool that has been extensively used to manually identify and quantify root anatomi-

cal traits (Kadam et al., 2015, 2017; Yamauchi et al., 2013), given that it enables researchers
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to mark objects of interest and obtain their measurements. In particular, the ImageJ soft-

ware was used to acquire the ground truth (in terms of quantitative annotations) for the

images used in this study, speci�cally, RD, SD, LMXD and LMXN measurements.

Semi-automated tools require user feedback to tune parameters for individual images in

order to get accurate results.RootScan(Burton et al., 2012) andPHIV-RootCell (Lartaud

et al., 2015) are semi-automated tools that identify and quantify anatomical root traits.

RootScan was originally designed for analyzing maize root cross-section images. The analy-

sis of each image involves several steps. RootScan starts by isolating the cross-section from

the background using a global thresholding technique (Otsu, 1979). Subsequently, the stele

is segmented based on the contrast between pixel intensities within and outside the stele.

Di�erent cells within the stele (e.g., late metaxylem) are classi�ed based on their area ac-

cording to background knowledge on root anatomy for a particular species. RootScan can

detect several types of objects (including lucunae, metaxylem and protoxylem), and also a

broad range of parameters for each detected object. After each step, the user has to \ap-

prove" the automated detection or alternatively correct it, before moving to the next step.

The tool can be run on a set of images in batch mode, but the user still needs to provide

input for each step of the analysis for each image, as explained above.

The PHIV-RootCell tool for root anatomy is built using the ImageJ software (Schneider

et al., 2012), and provides options for selecting regions of interest (ROI) such as root, stele,

xylem, and for measuring properties of these regions. It was designed for analyzing rice

root cross-section images. Similar to RootScan, domain knowledge is used to identify ROIs.

The PHIV-RootCell tool uploads and analyzes one image at a time, and does not have an

option for batch uploading or processing. Furthermore, it requires user's supervision at each

segmentation and classi�cation step (Lartaud et al., 2015). For example, it requires the user

to validate the root selection, stele selection, central metaxylem selection, among others.

As opposed to semi-automated tools that require user feedback, a fully automated ap-

proach should involve \a single click" and should produce accurate results without any
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human intervention during the testing and evaluation phases. However, human input and

supervision in the form of background knowledge or labeled training examples may be pro-

vided during the training phase. In this sense,RootAnalyzer (Chopin et al., 2015) is an

automated tool, which incorporates background knowledge about root anatomy. The �rst

step in RootAnalyzer is aimed at performing image segmentation to distinguish between

root pixels (corresponding to boundaries of individual root cells) and background pixels. To

achieve this, RootAnalyzer utilizes a local thresholding technique to analyze each pixel's in-

tensity by comparing it with the mean pixel intensity in a small square neighborhood around

that pixel (de�ned by a width parameter, W). Subsequently, RootAnalyzer constructs a dif-

ference image, and classi�es pixels as root or background pixels based on a threshold,T,

used on the di�erence image. The next step is focused on detecting root cells and closing

small leaks in cell boundaries, using an interpolation approach. Finally, cells are classi�ed in

di�erent categories, such as stele cells, cortex cells, epidermal cells, etc. based on size, shape,

and position. Two thresholds are used to classify cells as small or large: a threshold,As, for

small cells, and a threshold,A l , for large cells. Furthermore, stele cells are classi�ed based

on an additional threshold,N , on the maximum distance from a cell to any of its nearest

neighbor cells. The RootAnalyzer tool can be used for both single image processing and

batch processing. Single image processing allows the user to adjust and tune parameters,

and also to interact with the tool at each stage of the segmentation and classi�cation. Batch

processing requires the user to provide the parameters to be used with a speci�c batch of

plant images. Similar to RootScan, RootAnalyzer outputs a table of area measurements and

counts for regions of interest. This tool was designed for wheat and was shown to work also

for maize (Chopin et al., 2015).
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2.3 Methods

While there are many anatomical traits that can be identi�ed, and measured or counted

(e.g., RootScan outputs more than 20 anatomical parameters), as a proof-of-concept, we

have focused on measuring the root diameter (RD), stele diameter (SD), and late metaxylem

diameter (LMXD), and counting the number of late metaxylem inside the stele (LMXN).

Our choice was motivated by studies by Kadam et al. Kadam et al. (2015, 2017), who

showed the importance of these traits in relation to water-de�cit stress, and provided the

ground truth dataset for our study. The tasks that we target can be achieved with modern

object detection techniques, such as Faster R-CNN (Ren et al., 2015) or Mask R-CNN (He

et al., 2017), as described below. In addition to the traits of interest (RD, SD, LMXD and

LMXN), other traits can be estimated based on the objects detected with our trained models

(e.g., stele area, average area of the late metaxylem). Furthermore, Faster R-CNN or Mask

R-CNN models can be trained to detect other objects (e.g., protoxylem objects), and their

parameters, if data annotated with such objects becomes available.

2.3.1 Overview of the approach

We have used Faster R-CNN, a network for object detection, to detect objects of interest

(i.e., root, stele, late metaxylem), and subsequently mark each object with a bounding box.

More precisely, we have trained a Faster R-CNN model to identify the root and stele within a

cross-section image, and another Faster R-CNN model to identify the late metaxylem within

the stele region of a cross-section. Given the bounding box of an object, identi�ed by the

Faster R-CNN models trained on root cross-section images, we have calculated its diameter

by averaging the width and height of the bounding box. The count of late metaxylem was

obtained by counting the number of late metaxylem objects detected by the Faster R-CNN

network.

The Faster R-CNN model architecture is shown in Figure 2.2. As can be seen, the
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Figure 2.2 : Faster R-CNN model architecture (Ren et al., 2015), which has two main
components: 1) a region proposal network (RPN), which identi�es regions that may contain
objects of interest and their approximate location; and 2) a Fast R-CNN network, which
classi�es objects as root or stele, and re�nes their location, de�ned using bounding boxes.
The two components share the convolutional layers of the pre-trained VGG-16 Simonyan
and Zisserman (2014a).

Faster R-CNN has two main components. The �rst component consists of a Region Proposal

Network (RPN), which identi�es Regions of Interest (i.e., regions that may contain objects of

interest), and also their location. The second component consists of a Fast R-CNN (Girshick,

2015), which classi�es the identi�ed regions (i.e., objects) into di�erent classes (e.g., root and

stele), and also re�nes the location parameters to generate an accurate bounding box for each

detected object. The two components share the convolutional layers of the VGG-16 network

(Simonyan and Zisserman, 2014a), which is used as the backbone of the Faster R-CNN model.

More details on convolutional neural networks, VGG-16 and Faster R-CNN approach, which

we used to detect objects and generate bounding boxes, are provided below.

In addition to the Faster R-CNN network, which focuses on object detection, we have
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also explored the Mask R-CNN network, which performs more precise instance segmentation.

More precisely, Mask R-CNN identi�es the pixels belonging to objects of interest (in our

case, root, stele and LMX). It does this by enhancing the Faster R-CNN with additional

convolutional layers trained to predict instance masks for RoIs, in parallel with the object

classi�cation and bounding box regression tasks. The resulting segmentation masks identi�ed

by Mask R-CNN are used to estimate the area of the objects, and subsequently the area is

used to estimate the diameter of the objects.

2.3.2 Convolutional neural networks and VGG-16

Convolutional Neural Networks (CNNs) (LeCun et al., 1989) are widely used in image anal-

ysis. While originally designed for image classi�cation, the features extracted by CNNs are

informative for other image analysis tasks, including object detection. A CNN consists of

convolutional layers followed by non-linear activations, pooling layers and fully connected

layers, as seen in Figure 2.3 (which shows a speci�c CNN architecture called VGG-16 (Si-

monyan and Zisserman, 2014a)).

A convolutional layer employs a sliding window approach to apply a set of �lters (low-

dimensional tensors) to the input image. The convolution operation captures local dependen-

cies in the original image, and it produces a feature map. Di�erent �lters produce di�erent

feature maps, consisting of di�erent features of the original image (e.g., edges, corners, etc.).

A convolution layer is generally followed by a non-linear activation function, such as the Rec-

ti�ed Linear Unit (i.e., ReLU), applied element-wise to generate a recti�ed feature map. The

ReLU activation replaces all the negative pixels in a feature map with zero values. A pooling

layer is used to reduce the dimensionality of the recti�ed feature map. Intuitively, the pooling

operation retains the most important information in a feature map by taking the maximum

or the average pixel in each local neighborhood of the feature map. As a consequence, the

feature map becomes invariant to scale and translation (LeCun et al., 2015).

After a sequence of convolutional layers (together with non-linear activations) and pooling
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Figure 2.3 : VGG-16. The original VGG-16 architecture consists of 13 convolution+ReLU
layers, �ve pooling layers, and three fully connected layers. A convolution+ReLU layer pro-
duces a feature map, while a pooling layer reduces the dimensionality of the feature map.
The last fully connected layer uses a softmax activation function to predict one of the 1000
categories. The dimensions corresponding to each layer are also shown.

layers, a CNN has one or more fully connected layers. In a fully connected layer, all neurons

are connected to all neurons in the subsequent layer. The �rst fully connected layer is

connected to the last downsized feature map. The fully connected layers are used to further

reduce the dimensionality and to capture non-linear dependencies between features (LeCun

et al., 2015). The last fully connected layer uses a softmax activation function, and has as

many output neurons as the number of targeted classes.

There are several pre-trained CNN architectures available, including VGG-16 (Simonyan

and Zisserman, 2014a), shown in Figure 2.3. A VGG type network, trained on 1.3 million

images with 1000 categories, had the second best top-5 error (speci�cally, 7.3%) in ILSVRC

(ImageNet Large Scale Visual Recognition Competition) in 2014. Furthermore, VGG-16

was used with good results in the original Faster R-CNN study (Ren et al., 2015), which

motivated us to use it also in our study. As can be seen in Figure 2.3, VGG-16 has 13

convolutional+ReLU layers, 5 pooling layers, and 3 fully connected layers. The dimensions
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corresponding to each layer are also shown in Figure 2.3.

2.3.3 Region proposal network (RPN)

As mentioned above, the region proposal network identi�es regions that could potentially

contain objects of interest, based on the last feature map of the pre-trained convolutional

neural network that is part of the model, in our case VGG-16 (Simonyan and Zisserman,

2014a). More speci�cally, using a sliding window approach,k regions are generated for each

location in the feature map. These regions, are represented as boxes calledanchors. The

anchors are all centered in the middle of their corresponding sliding window, and di�er in

terms of scale and aspect ratio (Ren et al., 2015), to cover a wide variety of objects. The

region proposal network is trained to classify an anchor (represented as a lower-dimensional

vector) as containing an object of interest or not (i.e., it outputs an \objectness" score),

and also to approximate the four coordinates of the object (a.k.a., location parameters).

The ground truth used to train the model consists of bounding boxes provided by human

annotators. If an anchor has high overlap with a ground truth bounding box, then it is

likely that the anchor box includes an object of interest, and it is labeled as positive with

respect to theobject versusno object classi�cation task. Similarly, if an anchor has small

overlap with a ground truth bounding box, it is labeled as negative. Anchors that don't have

high or small overlap with a ground truth bounding box are not used to train the model.

During training, the positive and negative anchors are passed as input to two fully connected

layers corresponding to the classi�cation of anchors as containingobject or no object, and

to the regression of location parameters (i.e., four bounding box coordinates), respectively.

Corresponding to thek anchors from a location, the RPN network outputs 2k scores and 4k

coordinates.
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2.3.4 Fast R-CNN

Anchors for which the RPN network predicts high \objectness" scores are passed to the

last two layers (corresponding to object classi�cation and location parameter re�nement,

respectively) of a network that resembles the original Fast R-CNN network (Girshick, 2015),

except for how the proposed regions are generated. Speci�cally, in the original Fast R-CNN,

the regions were generated from the original image using an external region proposal method

(e.g., selective search).

As opposed to the original Fast R-CNN (Girshick, 2015), in the Fast R-CNN compo-

nent of the Faster R-CNN model, the external region proposal method is replaced by an

internal RPN trained to identify regions of interest (Ren et al., 2015). Highly overlapping

regions, potentially corresponding to the same object, can be �ltered using a non-maximum

suppression (NMS) threshold. A pooling layer is used to extract feature vectors of �xed

length for the regions of the interest proposed by RPN. Subsequently, the feature vectors

are provided as input to two fully connected layers, corresponding to the classi�cation of the

object detected and the regression of its location, respectively.

The object classi�cation layer in Fast R-CNN uses the softmax activation, while the

location regression layer uses linear regression over the coordinates de�ning the location as

a bounding box. All parameters of the network are trained together using a multi-task loss

(Girshick, 2015).

Mask R-CNN network

Mask R-CNN is a network for instance segmentation, which identi�es masks enclosing the

pixels that belong to instances of an object of interest, e.g., it identi�es masks for instances of

root, stele or LMX objects. Mask R-CNN extends the Faster R-CNN network by including

additional convolutional layers trained for the task of predicting instance masks for RoIs,

in parallel with the tasks performed by Faster R-CNN, speci�cally object classi�cation and

bounding box regression tasks. Another innovation in Mask R-CNN is to use a Feature
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Pyramid Network (FPN) (Lin et al., 2017) to enable the identi�cation of objects at di�erent

scales. Finally, Mask R-CNN replaces the RoI Pool layer in Faster R-CNN, which extracts a

�xed-length feature vector from a feature map, with a RoI Align layer, which performs pixel-

to-pixel alignment between network input and output, to enable the generation of precise

instance masks.

Faster R-CNN and Mask R-CNN implementation and training

The original, publicly available implementation of the Faster R-CNN network Ren (2015)

uses MATLAB as the programming language, and Ca�e Jia) as the backend deep learning

framework. Chen and Gupta Chen and Gupta (2017) provided an implementation of the

Faster R-CNN network, which uses Python as the programming language and TensorFlow

TensorFlow) as the backend deep learning framework. This publicly available implementa-

tion Chen (2017), allows the user to train a model from scratch and also to reuse one of

several pre-trained models as the backbone of the network. In particular, the user can select

the VGG-16 network, pre-trained on the ImageNet dataset with 1000 categories.

We used the Python/TensorFlow implementation of the Faster R-CNN network, with

the pre-trained VGG-16 model as its backbone, and trained the network to identify objects

such as root, stele and late metaxylem. More precisely, the parameters of the VGG-16

convolutional layers, which are shared by the Fast R-CNN and RPN networks in Faster R-

CNN, were initialized using the pre-trained VGG-16 network. As many image features are

highly transferable between di�erent datasets, this initialization based on VGG-16 allowed

us to train accurate models from a relatively small number of root cross-section labeled

images. In our preliminary experimentation, we found that it is di�cult to accurately detect

late metaxylem at the same time with root and stele. To address this issue, we trained a

Faster R-CNN model to detect root and stele from background (i.e., everything else in the

image), and another Faster R-CNN model to detect late metaxylem from background. To

achieve this, we changed the output layer of the original Faster R-CNN network to re
ect
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our classes (corresponding to the objects detected).

Given that the RPN and Fast R-CNN networks share 13 convolutional layers (initialized

based on VGG-16), they were co-trained using an iterative process that alternates between

�ne-tuning the RPN and �ne-tuning the Fast R-CNN network (with �xed proposed regions

produced by RPN) (Ren et al., 2015). All the model parameters were updated using stochas-

tic gradient descent (SGD).

For Mask R-CNN, we used a popular implementation (Matterport-Inc., 2017), based on

Python 3, Keras, and TensorFlow. This implementation has the pre-trained ResNet101 (He

et al., 2016) network as its default backbone. We trained three separate models to detect

objects (root, stele, and LMX, respectively), and identify objects' masks (pixel-level segmen-

tation). We changed the output layer of the original Mask R-CNN network to re
ect our

classes (corresponding to the objects detected). The parameters of the ResNet convolutional

layers were initialized using the pre-trained ResNet network. Feature maps produced by

ResNet were provided as input to the RPN network, which produced RoIs. The RoIs were

subsequently provided as input to the Fast R-CNN network, extended with a component

for predicting a segmentation mask for an object instance at the pixel level. Similar to the

Faster R-CNN training, training of the Mask R-CNN network was based on an iterative pro-

cess that alternates between �ne-tuning the RPN and �ne-tuning the extended Fast R-CNN

network.

2.4 Dataset

Twenty-�ve accessions of Oryza species were grown in plastic pots (25 cm in height; 26

and 20 cm diameter at the top and bottom, respectively), �lled with 6 kg of clay loam

soil. Three replications per each accession were maintained under well-watered conditions

and roots were sampled 60 days after sowing, to ensure fully mature roots. The roots were

harvested and washed thoroughly. To obtain the cross-section images used in this study,
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root samples stored in 40% alcohol were hand sectioned with a razor blade using a dissection

microscope. For each of the 25 rice accessions, and for each of the three biological replicates,

root samples from root-shoot junction and 6 cm from the root tip were obtained. Images of

root sections were acquired with the Axioplan 2 compound microscope (Zeiss, Germany) at

50x and 100x magni�cation. Speci�cally, for each accession and each replicate, 2-3 images

were taken at root-shoot junction, and 2-3 images at 6 cm from the tip of the root, at 50x and

100x magni�cation. Thus, an image may have two versions: a 50� magni�cation version,

which captures the whole root diameter (top image in Figure 2.1), and a 100� magni�cation

version, which captures only the stele diameter (bottom image in Figure 2.1). However,

not all 50� images have a 100� correspondent. Precisely, there are 388 images at 50�

magni�cation, and 339 images at 100� magni�cation.

For each root image, we manually measured root anatomical parameters, such as root

cross-section diameter, stele diameter, late metaxylem average diameter and late metaxylem

number, using the ImageJ software (Schneider et al., 2012). Speci�cally, root diameters

were estimated using the 50� magni�cation images. The stele diameter, and late metaxylem

average diameter and count were estimated using the 100� magni�cation images, if available

(otherwise, the 50� magni�cation images were used). The manual measurements and counts

constitute our ground truth to which we compared the measurements produced based on the

bounding boxes detected by our trained Faster R-CNN models. Statistics about the dataset,

including the minimum, maximum, average and standard deviation for RD, SD, LMXD and

LMXN, are presented in Table 2.1.

Statistics RD SD LMXD LMXN
Min 354 115 15 1
Max 1352 419 65 12
Avg � std 869� 194 216� 55 36� 8 5.4 � 1.8

Table 2.1 : Ground Truth Statistics: minimum (Min), maximum (Max), and average to-
gether with standard deviation (Avg� std) are shown for the ground truth measurements
of RD, SD, LMXD (expressed in micrometers,�m ) and LMXN (which is the count of late
metaxylem objects).
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In addition to measuring root anatomical parameters, each 50� magni�cation image was

also manually labeled by independent annotators with bounding boxes that represent root,

stele, and late metaxylem, respectively, and each 100� magni�cation image was labeled with

boxes that represent late metaxylem.

We used the LabelImg tool (Tzutalin, 2015) to perform the bounding box labeling. This

tool produces annotations in the Pascal Visual Object Classes (VOC) XML format (Evering-

ham et al., 2015), a standard format used for annotating images with rectangular bounding

boxes corresponding to objects. An example of a root cross-section image annotated using

the LabelImg tool (zoomed in on stele) is shown in Figure 2.4 (a), where each target object

is marked using four coordinates, which determine a bounding box. The bounding boxes

annotated with the LabelImg tool in the 50� and 100� magni�cation images constitute the

ground truth to which we compared the bounding boxes of the objects detected by our mod-

els. Corresponding to the ground truth image in Figure 2.4 (a) annotated with LabelImg,

Figure 2.4 (b) shows the bounding box annotations produced by our models.

Figure 2.4 : Objects of interests as bounding boxes: (a) Ground truth image annotated using
LabelImg, where each object is marked using four coordinates, which determine a bounding
box. (b) The annotation of the same image by the root/stele and late metaxilem models,
where the detected objects are also shown using bounding boxes.

To produce ground truth data for Mask R-CNN, we used the VGG Image Annotator

(VIA) tool (Dutta et al., 2017) with 50x magni�cation images. Speci�cally, we enclosed

instances of objects of interest within polygons. The pixels contained in a polygon represent
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the ground truth mask corresponding to an object instance. An example of a root cross-

section image annotated using the VIA tool (zoomed in on stele) is shown in Figure 2.5 (a),

where each target object is marked with a polygon representing a mask. Corresponding to

the ground truth annotated with VIA tool, Figure 2.4 (b) shows the masks produced by our

stele and LMX Mask R-CNN models, respectively.

Figure 2.5 : Objects of interests as polygons/masks: (a) Ground truth stele object and
LMX objects annotated using the VIA tool: the objects are marked using polygons, enclosing
masks. (b) The annotation of the same objects by our models, where the detected stele and
LMX objects are masked.

We would like to emphasize that the 50� magni�cation images contain all the anatomical

features that we target in this study, and are su�cient for training the proposed deep learning

models. However, for the Faster R-CNN network, we also trained models on the 100�

magni�cation images, independently, to understand how much the identi�cation of the LMX

objects and their measurements may be improved by using images with a higher resolution.

In general, any resolution can be used for training, as long as all the features that need to

be identi�ed are contained in the image.
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2.5 Experimental setup

2.5.1 Training, development and test datasets

We performed a set of experiments using 5-fold cross-validation. Speci�cally, we split the set

of 50� magni�cation images into �ve folds, based on accessions, such that each fold contained

5 accessions out of the 25 accessions available. The exact number of 50� magni�cation

images (instances) in each fold is shown in Table 2.2. For each fold, Table 2.2 also shows

the number of corresponding 100� magni�cation images (instances) available (as mentioned

before, not every 50� magni�cation image has a corresponding 100� magni�cation image).

In each 5-fold cross-validation experiment, four folds were used for training, and the �fth

fold was used for test. To tune hyper-parameters, we used one of the training folds as the

development dataset. The results reported represent averages over the 5 folds. The reason

for splitting the set of images based on accessions was to avoid using images from the same

plant or the same replicate both in the training and test datasets.

Table 2.2 : Number of instances in each of the 5 folds used to perform cross-validation for
the 50� and 100� magni�cation images, respectively. The total number of instances in the
dataset is also shown.

Fold Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Total
Instances (50� ) 71 79 86 77 75 388
Instances (100� ) 62 60 80 69 68 339

2.5.2 Evaluation metrics

We used three standard metrics in our evaluation, driven by preliminary observations. First,

given that there exist exactly one root and one stele in an image, we observed that these

objects are always detected in the 50� magni�cation images. We used the Intersection-

over-Union (IoU) metric to measure how well the predicted bounding boxes overlap with

the ground truth bounding boxes. Second, given that the number of LMX objects varies

between 1 and 12, and these objects are relatively small, the corresponding object detection
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models are prone to both false positive and false negative mistakes. Thus, we used mean

average precision (mAP), a standard metric in object detection, to evaluate the ability of our

models to accurately identify the LMX objects. Both IoU and mAP metrics range between

0 and 1, and higher values are better. Finally, we used the root mean square error (RMSE)

and relative root mean square error (rRMSE) (i.e., percentage error) metrics to measure the

ability of the Faster R-CNN/Mask R-CNN networks to detect objects and corresponding

bounding boxes that lead to root/stele/LMX diameter measurements and LMX counts close

to those available as ground truth. For RMSE and rRMSE, smaller values are better.

2.5.3 Hyper-parameter tuning

Deep learning models, in general, and the Faster R-CNN/Mask R-CNN models, in partic-

ular, have many tunable hyper-parameters. We tuned several hyper-parameters shown to

a�ect the performance of the Faster R-CNN models Zhang et al. (2016), and used the values

suggested by Ren et al. Ren et al. (2015) for the other hyper-parameters. More speci�cally,

we tuned the IoU threshold used in the RPN network to identify anchors that could poten-

tially include an object of interest (i.e., positive instances/anchors). Furthermore, we tuned

the non-maximum suppression (NMS) threshold which is used to �lter region proposals pro-

duced by the trained RPN network (speci�cally, if two proposals have IoU larger than the

NMS threshold, the two proposals will be considered to represent the same object). At last,

we tuned the fraction of positive instances in a mini-batch.

The speci�c values that we used to tune the IoU threshold were 0.4, 0.5 and 0.6; the values

used to tune the NMS threshold were 0.6, 0.7 and 0.8; and the values used to tune the fraction

of positive instances in a mini-batch were 1:5 and 1:4. To observe the variation of performance

with the tuned parameters, and select the values that gave the best performance, we trained

a model corresponding to a particular combination of parameters on three training folds, and

evaluated the performance of the model on the development fold. The performance of the

models for root and stele detection was measured using the IoU metric (by comparing the
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predicted bounding boxes with the ground truth bounding boxes), while the performance

of the models for LMX detection was measured using the mAP metric (by comparing the

detected LMX objects with the ground truth LMX objects) to ensure that the Faster R-CNN

models can accurately detect all the LMX objects.

Our tuning process revealed that the performance did not vary signi�cantly with the

parameters for our object detection tasks. However, the best combination of parameters for

the root/stele models consisted of the following values: 0.4 for the IoU threshold, 0.8 for

the NMS threshold and 1:4 for the fraction of positive anchors in a mini-batch. The best

combination of parameters for the LMX models was: 0.5 for the IoU threshold, 0.8 for the

NMS threshold, and 1:4 for the fraction of positive anchors in a mini-batch. We used these

combinations of values for the root/stele and LMX models, respectively, in our experiments

described in the next section.

Based on our observation that Faster R-CNN performance does not vary signi�cantly

with the model hyper-parameters, we used the default values for the Mask R-CNN models.

2.6 Results

In this section, we present and discuss the results of our experiments using the Faster R-

CNN models trained on rice root cross-section images. We also compare the results of the

Faster R-CNN models with the results of the Mask R-CNN models. Finally, we outline time

requirements for Faster R-CNN and discuss the availability of the Faster R-CNN model for

root anatomy as a tool.

2.6.1 Performance of Faster R-CNN with the number of training

instances

As opposed to the existing tools for identifying anatomical parameters in root cross-section

images, which incorporate background knowledge about the root anatomy of a particular
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species and the types of images used, the automated Faster R-CNN approach is easily gener-

alizable to various species and types of images, given that a representative set of annotated

images is provided as training data. Under the assumption that data annotation is expensive

and laborious, we aim to understand how many images are necessary for good performance

on roots from a particular species. Intuitively, the number of required images should be rel-

atively small, given that our model relies on a VGG-16 network pre-trained to detect a large

number of objects, generally more complex than root, stele and late metaxylem objects.

To validate our intuition, we have performed an experiment where we varied the number of

images used for training, while keeping the number of test images �xed. Speci�cally, we used

5, 10, 25, 50, 75, 100, 150, 200, 250, and all available training images in a split, respectively,

to train models for detecting the root, stele and LMX in an image. The 50� magni�cation

images were used to train the models for root/stele/LMX. The 100� magni�cation images

were also used to train models for LMX, with the goal of understanding the bene�ts provided

by higher resolution images. The trained models were subsequently used to detect root, stele,

and LMX objects in test images.

The performance of the models was measured by comparing the predicted objects with

the ground truth objects. We used the IoU metric to evaluate the predicted bounding boxes

for root/stele by comparison with the corresponding ground truth bounding boxes. We used

the mAP metric to measure the ability of the models to accurately detect LMX objects.

The variation of performance with the number of training images is shown in Figure 2.6 for

root/stele (Left plot) and LMX (Right plot).

For models trained on the 50� magni�cation images, the performance increases with the

number of training images. Furthermore, the left plot in the �gure shows that the IoU values

for both root and stele objects are around 0.95, when all the training images are used, and

that the root bounding boxes are slightly better than the stele bounding boxes. Similarly,

the LMX objects are detected with high accuracy, as shown in the right plot of Figure 2.6,

where the mAP values are close to 0.9 consistently for models trained with smaller or larger
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Figure 2.6 : Variation of the Faster R-CNN performance with the number of training images
for root/stele detection model (Left plot), and for the LMX detection model (Right plot), re-
spectively. We used50� magni�cation images to detect root and stele objects, and both50�
and 100� magni�cation images to detect LMX. The performance of the root/stele detection
model was measured using the IoU metric (which shows how accurately the predicted bound-
ing boxes match the ground truth), while the performance of the LMX detection model was
measured using the mAP metric (which shows how accurately LMX objects were detected).
The plots show average values over 5 splits together with standard deviation.

number of 100� magni�cation images. Similar performance is obtained with the models

trained from all 50� magni�cation images. The plots for both root/stele and LMX also

show that generally the variance decreases with the size of the data. The slow decrease in

performance that is observed sometimes between two training set sizes can be explained by

the addition of some inconsistently labeled images present in the original dataset. Examples

of inconsistently labeled images as shown in Figure 2.7. Overall, these results support our

hypothesis that only a small number of labeled images is needed to learn accurate models

for the problem at hand.

2.6.2 Evaluation of Faster R-CNN performance using RMSE/rRMSE

The Faster R-CNN models trained on root images were used to detect root/stele/LMX ob-

jects in the test data. Subsequently, the detected objects were further used to calculate RD,

SD, LMXD and LMXN. To evaluate the models in terms of their ability to produce accurate

root/stele/LMX diameter and LMX number, we have used the RMSE error computed by
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Figure 2.7 : Examples of inconsistent human annotations that are included in our ground
truth dataset. Speci�cally, image (a) was manually labeled as having LMXN=4 (the smaller
LMX was included in the count), while image (b) was labeled as having LMXN=3 (the smaller
LMX was not included in the count although it has size comparable with the smaller LMX
counted in (a)). Our models consistently identi�ed 4 LMX objects in both (a) and (b) images.
Similarly, image (c) was incorrectly labeled manually as having LMXN=4, while the similar
image in (d) was properly labeled as having LMXN=3. Our models correctly identi�ed 3
LMX objects in both (c) and (d) images. Finally, images (e) and (f) show a larger number
of LMX which have variable size, but it is not very clear which LMX were counted by the
human annotator and which were not counted to get the 12 and 11 counts, respectively. Our
models identi�ed 7 LMX objects in image (e) and 10 LMX objects in image (f).
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