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Hessian-Based Image Structure Classification Under Multiplicative Noise Using

Convolutional Least Squares Filter
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Abstract

Extracting image structure is a crucial task in image
processing, enabling the development of efficient adaptive
filters suited to specific image characteristics. A widely adopted
approach involves the use of the Hessian matrix, which is
computed from first and second-order image derivatives and
analyzed via eigenvalues. However, conventional gradient
estimation methods often yield distorted results when applied
to images affected by multiplicative noise, such as those
acquired from SAR or ultrasound imaging. This paper investigates
the effectiveness of the Convolutional Least Squares (CLS) filter
for estimating derivatives in Hessian-based image structure
The CLS method is
techniques, including Gradient of Gaussian (GoG), Scharr, and
Derivatives of Gaussian (DoG). A K-Nearest Neighbors (KNN)

classifier is employed to evaluate the classification performance

analysis. compared with standard

on 12 distinct image structures under both clean and
ultiplicative noise conditions. Experimental results demon-
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strate that the CLS filter consistently outperforms conventional
methods in terms of classification accuracy, particularly under
noisy conditions.

Keywords: Hessian matrix, least squares filter, multiplicative

noise
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