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Abstract

Quantification of plant traits (leaf area, leaf count etc.) is a key component of preci-
sion agriculture. In this context, the utilisation of robust imaging equipment (micro-
scopic visible, thermal, hyperspectral etc.) permits non-invasive monitoring of plants
resulting in multi-modal plant image data. Thus, the development of computer vision
methods for precise quantification of plant traits is gaining momentum. However, due
to the complex structure of plant traits such as small size, low contrast with respect
to the background and limited multi-trait image data has led to the investigation of
only few plant traits. Thus, there exists scope for the development of robust and au-
tomated analysis algorithms for the extraction of plant traits at multiple levels (such
as cell, organ and plant) from images acquired in controlled lab-settings and field en-
vironments. For instance, due to the dynamic feature rich background, low contrast
and occlusion, stomata study using microscopic images is less prevalent in contrast
to its counterparts such as root traits. Since, stomata are pores on leaf surface that
plays a key role in regulating the temperature of the plants through gas exchange,
stomata study is crucial with respect to precision agriculture. Thus, in this thesis we
propose a novel convolutional neural networks (CNNs) based framework for stomata
detection and segmentation and the generalisability of the framework is shown in
terms of its applicability on different plants.

Another gap is that the majority of image analysis algorithms to extract leaf-
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level traits have been proposed for model plants such as Arabidopsis (https://
plant-image-analysis.org). Since leaf exhibits large shape variance, the current
methods proposed for leaf-level analysis are limited in terms of their applicability to
different plants. In this thesis, we propose a novel graph based formulation to extract
leaf shape knowledge independent of plant variety. We demonstrate its broad utility
on multiple plant datasets.

It is to be noted that the leaf-level analysis of model plants (such as Arabidopsis)
can be reliably studied using 2D visible images due to their small size and short
growth cycle. But for classical plants such as rice, wheat etc. high self-occlusions
results in information loss based on 2D images. In this context, we present a novel
deep convolutional neural networks based framework that utilises prior on the leaf
shape for a robust and dense 3D plant reconstruction. To summarise, in thesis we
explore leaf at microscopic level (stomata detection and segmentation), organ level
(leaf segmentation) and plant level (3D plant reconstruction) from images acquired
in lab settings.

The aforementioned frameworks have been proposed for images acquired in con-
trolled environments i.e greenhouses and high-throughput phenotyping platforms.
However, images acquired in field environments suffers from additional challenges
such as high illumination variation, background noise, visual field variation to name
a few. Thus, to overcome these challenges, we also propose a novel deep learning

framework for leaf-level analysis based on field images.
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