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Abstract

The real-time issue of reliability segmenting root structure while using X-Ray Computed
Tomography (CT) images is addressed in this work. A deep learning approach is proposed
using a novel framework, involving decoders and encoders. The encoders-decoders framework
is useful to improve multiple resolution by means of upsampling and downsampling images.
The methodology of the work is enhanced by incorporating network branches with individual
tasks using low-resolution context information and high-resolution segmentation. In large
volumetric images, it is possible to resolve small root details by implementing a memory
efficient system, resulting in the formation of a complete network. The proposed work, recent
image analysis tool developed for root CT segmented is compared with several other previously
existing methodology and it is found that this methodology is more efficient. Quantitatively
and qualitatively, it is found that a multiresolution approach provides high accuracy in a
shallower network with a large receptive field or deep network in a small receptive field. An
incremental learning approach is also embedded to enhance the performance of the system.
Moreover, it is also capable of detecting fine and large root materials in the entire volume. The
proposed work is fully automated and doesn’t require user interaction.

Keywords: Plant phenotyping, root system analysis, deep learning, image segmentation, X-
ray computed tomography

1. Introduction

The process of characterizing, quantitatively and objectively, the plants’ root system is
known as ROOT phenotyping [1]. It indicates the way the root system develops, changes with
environmental effect, external influence, and soil maintenance. In general, previously existing

methodologies involved cleaning the roots by washing them and further examining the
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material. Though methodology provides a high-throughput output, it will result in loss of some
finer roots and alterations during the washing process [2]. Moreover, it is also popular for these
roots to be flattened and then used as images resulting in the loss of architectural information.
This is where multi-viewing of images goes a long way in recovering the 3D structure of the
root system. The development and growth of the root are different, based on the interaction
between the soil and the root [3] which cannot be perceived in the absence of soil. In this
proposed work, volumetric segmentation of the root system is performed using segmentation
method taking into consideration the soil in CT. Changes are incorporated in the architecture

of the encoder-decoder to tackle the shortcomings of deep learning [4].

Instead of compromising between a high-resolution input and large receptive field, two

branch networks are proposed in this methodology where two types of examination take place:
1. Increased input size in lower resolution volume
2. Small receptive field in high resolution volume

The two branches are further combined to form an enhanced output with wider context
and higher resolution. Multiple auxiliary loss functions are used to train the network,
incorporating local and semantic features in every branch. With the help of a micro CT scanner
[5], large CT images are captured and used as a dataset for training. An expert segments these
images manually and the segmented images act as the ground truth for evaluation and training
purposes. Analysis is conducted extensively on segmentation accuracy [6] which indicates that
the proposed work is more accurate than the already existing methodologies that are used for
semantic segmentation. In this paper, hard negative examples are used to illustrate incremental
learning which further enhances the performance of the system. On account of large volumes,
this methodology does not require parameter selection or user interaction, resulting in progress

towards full automation of root CT [7]. The major contributions of this paper are as follows:

1. A new network architecture made up of encoder-decoders situated in a multi-
resolution parallel pipeline is implemented for segmentation of the root system.
A low resolution large receptive field and a higher resolution small receptive
field are incorporated for training the network. This results in a significant
improvement of the resolution of the network as far as large volume is

concerned.
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2. In this work, a multi loss training approach is introduced wherein every
individual pipeline is made to branch and learn several tasks which contribute
towards improving the segmentation accuracy.

3. The proposed architecture is adapted to suit volumetric segmentation and the

simulated outputs indicate a positive improvement in all metrics.

2. Literature Review

In recent years, root-soil imaging has paved the way to analyze and closely study the
interaction between plant and soil [8]. However, this has resulted in several challenges to
accurately follow the data generated. To retrieve a non-destructive root image [9], Computed
Tomography (CT) [10] is the apt technology that doesn’t cause harm or destroy the structure
of soil or root. The bottleneck faced is due to the large volumetric data generated using CT
system and analysis of the same proves to be time-consuming [11-13]. The complex root
structure of heterogeneity is difficult to analyze with the help of automated systems which is
also the reason why semi-manual and manual approaches are preferred. This not only involves
large investment of time but will also be difficult to execute as the volume of material increases.
To determine the root system accurately [14], the root material should be segmented in a
reliable manner. However, segmentation of the root soil CT images will be difficult due to the
complex nature of the material [15]. A valuable proportion is provided by the CT scanners such
that the root material with similar density are deemed to be misclassified with respect to risk.
The presence of organic material in the soil will lead to confusion in computational approaches
and human approaches [16].

However, the presence of the root branch [17-19] will be different in length based on
the distribution of material, scanning hardware and reflection of age in root material. For
successful segmentation [20], a degree of local contextual information is necessary. Based on
the given image value [21], the distribution of noise will vary. Similarly, based on the scan
resolution, the appearance of the root may be sparse or in contiguous structures such that only
limited pixels root material are adjacent or overlapped in the adjacent slices [22]. The most
challenging aspect is the high resolution of CT volumes wherein only a small proportion

involves root material. This will result in computationally efficient image processing.

Irrespective of the layers used [23], most of the places have incorporated separation of

the downsampling and consolation layer from the deconvolutional and upsampling layer. This
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way a symmetric structure is enabled wherein, unpooling and deconvolutional layers hold
similar resolution as that of the corresponding pooling and convolutional layers. Thus the
features are recognized as ‘normal’ and are not included in the decoder-encoder network [24],
thereby resulting in low-level image data at the system level where the output is obtained. The
data from the downsampling path is copied by the skip layers in correlation with the
upsampling resolution layer, which are then combined with the help of concatenation or sum
operation. In some methodologies, end-to-end segmentation [25] is performed with the help of

stacks of encoders-decoders.

3. Methodology

Semantic segmentation is often performed using the encoder-decoder networks.
Stacked hourglass, U-Net, Segnet, and FCN are some of the common techniques used for this
purpose. A stacked hourglass like architecture is used as the base of the proposed network with
modification to accommodate volumetric data handling capability. Figure 1 shows the
proposed network architecture. When compared to the conventional CNNs, an additional
dimension is present in some of the memory intensive volumetric networks. The feature size
or depth must be reduced as only small input volumes of the range 162 are accepted by the
network before the prohibition of memory consumption. Discerning the soil matter and root
material, is challenging with limited field view when the input size is larger than the individual
roots. Before encoder-decoder, down sampling is performed in the secondary network. With
1283 pixels, a larger input field of vision is allowed with this architecture. The resolution for

several networks are constrained with this architecture as shown in Fig.1.
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A deep learning approach is proposed using a novel framework, involving decoders and
encoders. The encoders-decoders framework is useful to improve multiple resolution by means
of upsampling and downsampling images. This methodology is enhanced by incorporating
network branches with individual tasks using low-resolution context information and high-
resolution segmentation. In large volumetric images, it is possible to resolve small root details

by implementing a memory efficient system, resulting in the formation of a complete network.

A parallel architecture that is functional at multiple resolutions is proposed to utilize
the wider contextual data and local pixel data of the surrounding field of vision. Different input
volume sizes are considered for the two parallel pipelines used in this network. The spatially
aligned outputs of these paths are combined and the features from both are used to perform the
final segmentation. Alternating Direction Method of Multipliers (ADMM) technique is used
for training the network. Binary Cross Entropy (BCE) loss is used for training a sigmoid
function before passing the network output through it. Wider and coarse field of view is
considered with the down sampling path while high resolution images are handled in small
patches with native path. The native path is spatially aligned to the wider field of view features
that are appropriately cropped and then concatenated to be used by the final network layers for
segmentation purposes.

4, Results

Volumetric CT images that are captured from soil grown crop roots are used for the
evaluation in this work. Volume Graphics software package is used with region growing
segmentation approach manually by an expert to obtain the ground truth annotation of each
volume. The proposed multi-resolution network performance is investigated by comparing
certain networks with the existing bottom-up tool. In the medical domain, the proposed
volumetric segmentation model is compared with three state-of-the-art models. The production
of data along with ground truth, setting up of the network, configuration for training and
comparison of experimentation results are essential segments of this work. 50 volumetric
images are used as a dataset that have captured crop roots from the soil. A micro CT scanner
is used for the image capturing purpose. In each axis, the resolution of the CT scanner is set at
54um per voxel while capturing images of a 15 day old crop grown in soil consisting of sand
and cocopeat. 12GB RAM, Nvidia Titan X trained Torch7 is used for implementation of the
network. For the internal encoder-decoder, at each layer, the total features are set at 128. In a
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random manner, smaller batches of 3 x 500 crops are obtained during training. The root

material is observed in a small portion of voxel in large volumetric images.
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Figure 2(a). Performance of Training and Validation with False and True Positive Fraction
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Figure 2(b). Performance of Training and Validation with False and True Positive Fraction
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With a learning rate of 3x10™, rmsprop is used for training each network. In order to

ensure a fair test, the utilization of the GPU memory available is maximized by adjusting each
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network appropriately with respect to the parameters and/or batch size. Training of each
network is performed for up to 150 epochs while retaining epoch based on the highest
validation performance. During testing, every location is segmented and the final layer’s output
undergoes thresholding to obtain the final predictions. For various network architectures, the
performance of training and validation are presented in Figure 2(a) and 2(b). For every 5
epochs, calculation of the validation loss is performed while estimating the training set loss
value at each epoch. Stable validation performance is observed at the multi-loss multi-

resolution network.

When compared to the conventional architectures, faster convergence is observed at the
multi-resolution networks. The overall training process time is maintained while improving the
network precision through hard negative images that undergo incremental learning. The
conventional medical segmentation networks, volumetric U-Net, stacked hourglass and other
volumetric segmentation networks that are commonly used and popular root phenotyping tools
are compared with the proposed model. The proposed deep learning model outperforms the
conventional imaging schemes. It is observed that based on the configuration, either precision
or recall parameters are often compromised with the single resolution deep architectures. The
noise factor is increased while better segmentation is achieved with fine roots and root
boundaries with native resolution. Despite achieving noise reduction, the root materials are

under segmented with wider fields.

5. Conclusion

CT images of crop roots from soil are segmented volumetrically using the proposed
multiple resolution encoder-decoder model presented in this paper. Expert users have annotated
the volumetric images used in this work in advance. Images with multiple resolutions are
processed using two encoding and decoding paths. The overall network performance is
enhanced with the contribution from the features learnt by each path. Thereby the system is
trained with the multiple loss functions. When compared to the conventional techniques, oY
and Dice based overall scores are high along with high precision and recall, with successful
segmentation by the proposed model. The soil CT images can be used for automatic
segmentation of plant roots. In CT image segmentation, the human involvement can be largely
reduced with the adoption of the proposed model. Furthermore, the throughput is improved in
plant selection and root-soil interaction-based knowledge enhancement required for breeding

programs. Different species can be analyzed with multiple scanner settings and imaging
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techniques in the future work for exploring the networks using transfer learning and provide
finer segmentation details while improving the network architecture. The deep learning
techniques are enhanced by improving the robustness with a diverse training dataset

considering a larger variety of soil types.
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