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Tikhonov regularization with tolerances in the penalty

Main challenge: reconstruction of solutions that lie within in-
tervals. Motivation is often found in:

� applications in production engineering
(e.g., development of structural materials)

� parameter identification in PDE problems
(e.g., box constraints or parameters given as intervals)

These intervals are modeled by a tolerance function depen-
dent on ε. Assuming nonlinear F : Lq(Ω) → V for bounded
Ω and Hilbert space V , we propose an altered Tikhonov func-
tional1

Jp,qα,δ,ε(u) := ‖F (u)− vδ‖pV + α‖u− u∗‖qq,ε (1)

with noisy data vδ s.t. ‖v−vδ‖ ≤ δ, regularization parameter
α > 0, reference solution u∗ ∈ Lq(Ω) and p, q ∈ [1, 2].

In the penalty we use the Lq,ε-insensitive measure, inspired
by Vapnik’s ε-insensitive function2, which for u ∈ Lq(Ω),
Ω ⊂ Rn, we define as

‖u‖qq,ε :=

∫
Ω
(max{|u(x)| − ε, 0})q dx.

Example: noisy data differentiation

Consider the problem Ku† = v with linear operator
K : L2(0, 1) → L2(0, 1) defined by Ku(x) =

∫ x
0 u(s) ds.

For p, q = 2 we compare the approximations obtained from
the minimization of (1) with and without tolerance ε.
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Figure 1. Ground truth u† = sin(2πx) and reference solution u∗ = 1.2 sin(2πx+ 0.2) (top

left), and true data v = Ku† and noisy data vδ = v + n(δ) for δ = 0.0015 (top right).

Comparison of minimizers uδα and uδα,ε to u† for α = 0.01, ε = 0.3 (bottom left) and mean

approximation error calculated in the insensitive measure over 50 runs for ε ∈ [0.001, 1.2]

(bottom right).

Assisted Annotation Tool in Digital Pathology

An automatic and efficient diagnosis of tumors is a significant
challenge in digital pathology.

State of the Art: Modern deep learning methods have been
successfully used to automatically detect tumors in histologi-
cal images3.

Motivation: Creating a large and balanced dataset is a com-
plex and time-consuming process in medical imaging.

Aim: Speed up the annotation process to make optimal use
of the pathologists’ limited time.

� Design a deep learning boosted method, based on convo-
lutional neural networks (CNN) that automatically seg-
ments a structure in a bounding box.

Scientific Question: Investigate Tikhonov and tolerances
regularization techniques to enhance the training of the CNN.

Segmentation by Polygons

Semiautomatic tool (initial approach): Based on bilateral
filter, morphological operations, and thresholds provided by
the user.

Figure 2. The classical approach works well when the area is well delimited (left image). If

the color intensities are similar it does not bring good results (right image). The red polygon

defines the desired region and the yellow one the obtained by the classical approach.

DL approach: Based on convolutional encoder/decoder net-
works for semantic segmentation4.

Figure 3. Baseline architecture for semantic segmentation
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