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ABSTRACT

Hierarchical Convolutional Neural Networks for Vision-Based Feature

Detection

by

Qiuchen Zhu

This thesis is devoted to the problem of feature detection, an essential pre-

requisite to machine vision applications. The key to feature detection rests with the

development of effective algorithms, which could incorporate machine intelligence

to achieve such attributes as accuracy in pixel-wise terms and robustness against

structural and stochastic uncertainty. To this end, a hierarchical convolutional neu-

ral network (HCNN) with feature preservation, is proposed to present the probability

map of feature candidates. Specifically, the abstraction of features in consideration

is enhanced by bidirectional branch nets. The outputs of previous convolutional

blocks are unified and concatenated to the current ones to reduce the visual im-

pairment in the up/down-sampling stage and the overall information loss. Besides,

an Intercontrast-based Iterative Thresholding (IIT) approach is developed for the

proposed network hierarchy at the post-processing step, whereby patterns of interest

are clustered within the probability map of identified features and generate a solid

feature map. To effectively overcome uncertainty, network prediction is conducted

by a customised variational inference. Here, deterministic weights are converted into

a probability distribution with learnable hyperparameters to adapt the interference

of outliers and alleviate overfitting. Furthermore, to incorporate Bayesian modelling

into high-level tasks such as resource allocation, an additional module for Gaussian

heatmap is developed to meticulously present the location of the geometrical tar-

get. Then, a physics-driven training scenario is designed to gradually shrink the

benchmark kernel for continuous calibration to avoid local minima. In summary,

the contributions of this thesis include 1. a new hierarchical network proposed for



feature detection, whereby the abstractions of the image can be bidirectionally ex-

tracted to improve prediction performance, 2. unsupervised and gradient-sharing

approaches incorporating Bayesian inference in the proposed network for enhancing

its uncertainty handling capability, 3. a new training strategy for representation

learning via spatial indexing to link the primary geometrical features with quantita-

tive allocation, and 4. an average F-measure proposed for evaluation of robustness

along with other metrics for performance evaluation. An extensive comparison with

existing techniques is conducted using various datasets and evaluation criteria for

evaluation. Experimental results demonstrate the crack detection merits of the

proposed architecture over existing techniques applied to numerous images. To il-

lustrate generality of the developed network architecture, additional tests are also

conducted for various applications, including salient object detection, anthropomet-

ric and facial landmark detection, and measurement retrieval. The results obtained

show the scalability and robustness of the proposed model to medium and high-level

image processing tasks.
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Adam: Adaptive moment estimation

BSNBM: Bidirectional self-rectifying network with Bayesian modelling

CBAT: Contrast-based autotuned thresholding

CNN: Convolutional neural network

CRF: Conditional random field

DCNN: Deep convolutional neural networks

DCB: Dilated convolutional block

ELBO: Evidence lower bound

FCN: Fully convolutional network

F/REB: Forward/reverse enhancement branch

HCNNFP: Hierarchical convolutional neural networks with feature preservation

JI: Jaccard Index

KL: Kullback-Leibler

MAPE: Mean absolute error
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MSE: Mean square error

RNN: Recurrent neural network

RCNN: Regional convolutional neural network
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Nomenclature and Notation

Lower-case italic alphabets denote scalar values or vectors.

Upper-case italic letters denote matrices denotes matrices.

In a sequence, lower-case and capital italic letters respectively indicate the index

and the maximum value.

Roman or calligraphic letters indicate a function.

x̂ represents the estimated/predicted value.

∗ denotes the convolutional operation.

� is the component-wise multiplication.

‖·‖F denotes the Frobenius norm.

w represents the scalar weight.

co denotes the coordinates of landmarks.

I is the identity diagonal matrix.

R represents the pixel region of interest.

Ω represents a sample space.

AFβ is the average F-measure.

Fβ is the F-measure.

hsmx represents the spatial softmax function.



xxi

P denotes the probability function.

E denotes the mathematical expectation.

F is the Fourier transformation.

L represents the loss function.

N represents the Normal/Gaussian distribution.
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