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Abstract

Traditional vision is focused on the perception of visible light but limits us to only detecting
surface features. In the area of food analysis, features such as composition, defects and
contamination cannot be typically measured using visible light. Near-infrared light can
penetrate into certain materials, so to capture this light, hyperspectral cameras can be
employed. However, the images from these cameras lack spatial understanding. This work
centres on a multi-modal vision approach, that leverages the capabilities of modalities
such as colour, depth, and computed tomography (CT) in order to improve estimation of

material properties, which can be used to detect features within objects.

To remove geometric discrepancies in images and estimate camera poses relative to some
world coordinate system, geometric camera calibration is required. The process generally
involves an optimisation that uses images of a known planar pattern in different poses.
For a hyperspectral camera this is a challenging task as they generally capture images in a
line-scan manner, where there is only a single spatial dimension, which makes it difficult to
find common pixel features across different images. To aid with calibration, a multi-modal
camera-system is deployed by combing the hyperspectral with a traditional frame camera,
and an active calibration algorithm is devised which uses observability to selectively choose
images that will improve the calibration. Experiments show lower uncertainty and error

when the algorithm is compared to a naive approach utilising all images.
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Illumination from external light sources is an important element of image formation. Hy-
perspectral cameras rely on sufficient illumination within their measured spectral bands.
Real light sources have an asymmetric distribution in radiant intensity but are generally
modelled as being symmetric, which affects photometric estimation techniques that rely on
lighting information. Therefore, the second contribution of this thesis is spatially modelling
the distribution of a real light source. In order to capture the asymmetry, a data-driven
model using a Gaussian process (GP) with an unique mean function is proposed. The dis-
tributions of simulated and real light sources are modelled using the proposed GP model,
where it shows less error when compared to similar models whilst successfully capturing

the inherit asymmetries.

Cameras measure radiance which is dependent on factors such as illumination, shape and
the respective material. Reflectance, an intrinsic property of a material, is independent of
these factors. The reflectance can be estimated from the radiance by assuming the inter-
action of light for the materials can be described using the dichromatic reflectance model
(DRM). The third contribution of this thesis involved improvements to an optimisation
approach for reflectance estimation, by introducing terms that exploit information from
prior light source modelling and surface shape. Evaluation on rendered and real images
shows improvements in estimated reflectance, whilst also having less variation across areas

that contained the same material.

In order to demonstrate the advantages of the three contributions of this thesis, a case
study is investigated to estimate subcutaneous fat depth on lamb carcasses using hyper-
spectral imaging. Ground truth fat depth was determined using a computed tomography
(CT) scanner, and the previous contributions were used to estimate the reflectance of the
cuts. Various regression models were fit using different reflectance estimation methods,
which included the proposed method from the third contribution. It was found that fat
depth was best modelled using deep learning-based regression methods with the proposed

reflectance estimation method.
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E The irradiance of given radiation measured in watts per square meter

S The radiant intensity of given radiation measured in watts per steradian

L The radiance of given radiation measured in watts per square meter per stera-
dian

foras A BRDF function of a surface for material

n The direction vector surface normal

(r,0,9) The 3D spherical coordinate system defined using the euclidean distance and
the zenith and azimuth angles

0 The Dirac delta function

p The diffuse reflectance of a surface

Pk The specular reflectance of a surface

k The specular coefficient of a surface

g The shading factor of a surface due to lighting and surfae shape
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