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Abstract

In last two decades, the biggest challenge to the whole world is to make sure the
food security for the people. Increasing world population and the loss of arable
land due to various climatic and man made factors have necessitated the devel-
opment of modern tools and techniques for increasing crop yield. The modern
farming, also referred to as precision farming, is not only more efficient, but also
more sustainable than the traditional farming methods that are prevalent today.
Precision farming combines remote sensing, IoT devices, robotics, big data an-
alytics, artificial intelligence, and other emerging technologies into an integrated
crop production infrastructure.

Computer vision and image processing can play a crucial role in precision
farming, enabling increased crop outputs to meet the demands of a rising world
population. The extensive computer vision applications such as image retrieval,
stereo reconstruction, object tracking and recognition, etc., play an essential role
in imaging based plant phenotyping. Imaging based plant phenomics that deals
with measuring some observable traits of the plants such as color, leaf density,
overall shape, volume, etc., can be employed to monitor plant health and growth.
Compared to the traditional phenotyping methods that are destructive and time-
consuming, imaging based methods offer smart and automated alternatives that
measure stress levels in plants in less time without disturbing the plant.

Using traits of plants for detecting physiological changes in response to abi-
otic stresses such as lack of water, nutrients, poor lightning condition, etc., has
a significant role in plant and crop management. After moisture induced stress,
nutrient induced stress in plants is the most critical factor and can significantly
reduce the agricultural yield. These Stresses in plants can significantly lower the
agricultural yield. The stress due to water deficiency can affect many visible plant
traits such as size and surface area, the number of leaves and their color, etc. Ni-
trogen, an essential nutrient, is a crucial growth-limiting factor and is the prime
component of amino acids, proteins, nucleic acids, and chlorophyll. Nitrogen de-
ficiency affects certain visible traits in plant such as area, color, the total number
of leaves and plant height, etc. Pulses like chickpeas play an important role to-
wards ensuring food security in poor countries owing to their high protein and
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nutrition content.

Therefore, in this dissertation, we present computer vision along with image
processing techniques to monitor plant health and diseases. To the best of authors’
knowledge, there is no work present in literature that deals specifically with the
performance evaluation of the keypoints detectors and the local feature descrip-
tors as applied to 3D point cloud data in the context of plant health classification
and plant growth analysis. Therefore, we quantitatively compare the performance
of different keypoint detectors and local feature descriptors for plant health and
growth monitoring. As a second contribution, we compared the performance of
different 3D correspondence grouping algorithms, viz, Nearest Neighbor Similar-
ity Ratio, Random Sample Consensus,, Geometric Consistency, and 3D Hough
Voting in context of 3D plant point clouds. We have also extended 2D maximum
likelihood matching to 3D Maximum Likelihood Estimation Sample Consensus.

As the third contribution, we have considered automated phenotyping of stress
level classification from Sorghum plant shoots due to nitrogen deficiency using a
23-layered CNN architecture. Since there is no publicly available digital image
dataset of chickpea plant shoots under different moisture stress conditions. To
fill this gap, the fourth contribution is we have construction of dataset of chick-
pea plant shoot images that are common in India. The next contribution is com-
parative analysis of Deep Learning techniques with different classical Machine
Learning approaches using different performance measures. Also, we contrast the
performance of the conventional DL with the sophisticated 71-layer ResNet-18
model. We have also proposed a BAT optimized ResNet-18 model that auto-
matically identifies the best value of the mini-batch size to be used for training.
Training the model with the optimized parameters has resulted in the ceiling level
of the classification performance over the chickpea data.

The last contribution, is proposing an LSTM-CNN architecture to learn visual-
temporal patterns from the chickpea plant dataset. we also conducted a compara-
tive analysis of the CNN architecture used in the proposed model with the other
CNN techniques used for time-invariant classification of water stress.
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