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UNIVERSITY

PHENOTYPING SEED SHATTERING 
OF PERENNIAL RYEGRASS

INTRODUCTION
Perennial ryegrass (Lolium perenne L.) is one of the most 
extensively produced forage crops in temperate areas used for 
feed and as turf.

It is an important activity to increase seeds for commercial 
market by achieving high seed yield however, seed shattering 
is a major constraint.

Information on seed shattering of 
perennial ryegrass, the stage at which 
it occurs and an efficient method of 
evaluating shattering is limited.

OBJECTIVE
The study seeks to develop a 
high throughput system to 
phenotype seed shattering in 
perennial ryegrass
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UNIVERSITY

Four (4) methods of measuring seed shattering 
will be employed in this study
• Bagged inflorescence (Kiesbauer et al., 2023)
• Rolling on inflorescence (Tubbs & Chastain, 

2023).
• Tray under plant
• Imaging (Ortiz et al., 2023)

ANALYSIS
Abscision zone of the spike will be assessed 
under microscope at varying growth stages of 
the  plant.

Seed shattering methods will be analysed 
statistically using linear mixed effects models  
accounting for the block design, genotype and 
weather conditions in the field.

• A high throughput protocol for phenotyping seed 
shattering in perennial ryegrass will be 
established

• Identify genotypes with low shattering traits 
under optimum environmental conditions.

• Development of high throughput protocol to 
guide breeding of high seed retention of 
perennial ryegrass.

METHODODLGY

EXPECTED OUTCOME
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Using AI for Vertebral Segmentation and Fracture 
Detection

Andreas With Aspe

Segmentation framework

•  Three-step model

Fracture detection

• Fracture = deformation
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Unify tasks in Video Segmentation

20
[Caelles CVPR17, Caelles arXiv18, Khoreva ACCV18]

Propagation 
Model

Semi-supervised Video Object Segmentation (VOS)

Referring VOS
“A man in a red sweatshirt performing 

breakdance”
Interactive VOS

Unsupervised VOS
-

Video Instance Segmentation
Set of labels = {human, dog, cat, ...}

20
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Cell segmentation and cell-specific intercellular PSF detections

1) Select a cell 
with dual 

expression

2) Segment and define 
intensity statistics 3) Detect in 2D and define 

on 3D through tracking

Hatzakis Lab

+ automations for cell detection

Original Image Automatic detections Cell Segmentation

How do we detect 3D PSFs in cells and quantify their 
characteristics?
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DO YOU WANNA KNOW WHAT YOUR UNSUPERVISED MODEL IS LOOKING AT?



DO YOU WANNA KNOW WHAT YOUR UNSUPERVISED MODEL IS LOOKING AT?

                      THEN YOU NEED NEM-U





Finding NEM-U
COME AND CHAT TO DISCOVER IF NEM-U WORKS FOR YOU 



13



DTU Wind [Division / Section]

Channel Attention Separable Convolution Network 
for Skin Lesion Segmentation

Footer 33Date

Changlu Guo
Technical University of Denmark, Kgs. Lyngby, Denmark

chagu@dtu.dk
 

Inspired by advanced mechanisms such as U-
Net, DenseNet, Separable Convolution, 
Channel Attention, and Atrous Spatial 
Pyramid Pooling (ASPP), we propose a novel 
network called Channel Attention Separable 
Convolution Network (CASCN) for skin 
lesions segmentation.



DTU Wind [Division / Section]

Channel Attention Separable Convolution Network 
for Skin Lesion Segmentation

Footer 34Date

Changlu Guo
Technical University of Denmark, Kgs. Lyngby, Denmark

chagu@dtu.dk

The experimental results demonstrate that CASCN achieves state-of-
the-art performance on the PH2 dataset.
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we trained a model

we want to use it in the clinic

how?

Deploying Deep Learning Model in Real 
World Clinical Setting: a case study in obstetric 

ultrasound
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Direct Observation and Kinetic Quantification of Stochastic Protein-Protein Interactions

Toolbox to directly observe and quantify distinct protease binding 
processes and substrate degradation synchronously

Experimental setup

Direct observation
Applications

Quantification
Emily Winther Sørensen and Nikos Hatzakis

Streamlined quantification of nanoparticle interactions of 
liposomes, biomolecular motors, drug-target interactions, enzymatic 
reactions etc.
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Hazrat Bilal
(CRT-AI, School Of Computer Science, University of 
Galway)

Supervised By: Dr. Malika 
Bendechache

Optimized KiU-Net: Lightweight 
Convolutional Neural Network for 
Retinal Vessel Segmentation in 

Medical Images



Introduction

45

• Blood vessels and circulatory system

• Diseases diagnose

• Diabetic retinopathy, Macular edema, Arteriosclerosis etc.

• Detection of Eye Diseases, main factors, and structural points

• vessel diameter, branch angle, branch length

• Manual diagnosis is difficult, subjective, and time-consuming

• Access to medical specialists and infrastructure

• Automatic detection of retinal diseases can address the gap

Problem Statement
• Low pixel proportion

• Low contrast

• Semantic information on small-scale vessels



Methodology and Results

46

• Optimized KiU-Net
Conv Channels of KiU-Net: [32,64,128] 

Conv Channels of Optimized KiU-Net: [16,32,48,64]



Thank You!

47
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AI-Driven Outlier Detection of Human 
Vertebrae from CT Scans
Detecting vertebral fractures 
using AI
• Testing different neural networks 

with autoencoder architecture.
• CT scans of Lumbar 1 vertebra.
• Optimal convolutional U-Net 

model.
• Trained on healthy vertebra 

images.
• Investigate performance with 

unseen data.
Julie Boel og Katja Norsker

Figure 1: Illustration of the 
spine and the vertebrae.

Figure 2: An illustration of the components in the autoencoder architecture.

Figure 3: Overview of some of the evaluations performed in the project.
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Perfusion Defect in Cardiovascular

Perfusion imaging- short axis CMRI

Perfusion defect

Short axis images



Problem Definition
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Poster Pitch
Maia H. Ekstrand
maia.ekstrand@bio.ku.dk
Ph.D. fellow in Knudsen Lab
Section for Cell Biology and Physiology

Mitochondrial Motility 
and Subcellular 
Localisation in 
Pancreatic Alpha Cells



Mitochondrial Motility and Subcellular Localisation in Pancreatic 
Alpha Cells

12-08-2024 67

Aim of Study: 
How are mitochondrial motility and localisation regulated in alpha cells?

How do mitochondrial motility and localisation impact glucagon secretion?

- Glucagon helps to increase blood 
glucose when needed

- Type 2 Diabetic patients suffer from 
dysregulated glucagon secretion

Glucose 
stimulations and 
TEM

1 
mM

5 
mM

Live cell confocal 
imaging

Analysis of 
mitochondrial 
motility

Glucagon secretion 
measurements



Graphical abstract
12-08-2024 68
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Incorporating Clinical Guidelines through Adapting Multi-modal Large 
Language Model for Prostate Cancer PI-RADS Scoring

70

Tiantian Zhang*, Manxi Lin*, Hongda Guo, Xiaofan Zhang, Ka Fung Peter Chiu, Aasa Feragen, Qi Dou
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www.aicentre.dk 72

Prediction of Breast Cancer Risk in Women Aged 40-50 Using BERT-Based Model 
Maria Elkjær Montgomery1, Mads Nielsen1
1Pioneer Center for AI, Department of Computer Science, University of Copenhagen, 
Denmark
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1 1 1 1 1 1 1 1 1 1 11

7
6

Detecting
Anomalies in Videos
Mia Siemon Industrial PhD

.
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Can we simplify it?
What is the minimum?

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos
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Could it be the analysis of mere bounding 
boxes?

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos

Can we simplify it?
What is the minimum?
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How about object silhouettes?

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos

Can we simplify it?
What is the minimum?





1 1 1 1 1 1 1 1 1 1 11+ 4%
Detection Accuracy

Compared to Prior Art

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos

Can we simplify it?
What is the minimum?



1 1 1 1 1 1 1 1 1 1 11+ 4%
Detection Accuracy

Compared to Prior Art

< 
10s

Model Training Time

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos

Can we simplify it?
What is the minimum?
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Yes, we can.
Bounding Boxes and 

Silhouettes.

∣ Mia Siemon - Industrial PhD Candidate - Detecting Anomalies in Videos

Can we simplify it?
What is the minimum?
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Michele Rocca, PhD student
Supervised by:
Kenny Erleben, Sune Darkner, and Sheldon Andrews

DIKU-DTU-AAU Summer School, 2024

Policy-Space Diffusion 
for Physics based Character 
Animation
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Dance Motion Policy 

On trained character On unseen characters
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Regularized training:

similar motions->similar policies

Policy Diffusion Model:

Discrete set of trained policies -> Continuous sampling
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Reza Karimzadeh, Bulat Ibragimov

Search in free-text 
radiology report 
database using large 
language
model cooperation



Search in free-text radiology report 
database using large language models
• Itemization: Llama 2, Orca 2, Yi chat models

• Find the closest embedding of items for the query

12/08/2024 95
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Synthesis of Geometric Models for 
Axons

Ruiqi Cui, Sidsel Winther, Tim B. Dyrby, Andreas 
Bærentzen 
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108
Collagen in a ReninAAV UNx db/db mouse 
heart

3D Whole-heart fibrosis: 
Can we quantify it?

Sheyla Barrado Ballestero
August 2024

Interstitial fi brosis

Perivascular fi brosis


Cardiac fibrosis

2023-11-13



3D Whole-heart fibrosis: Can we quantify it?

iDISCO:
✚iDISCO standard protocol
✚Fast green dye

Imaging:
✚LSFM (2 channels)
✚10 µm isotropic voxel size

• 500-600 nm (AF)
• 600-700 nm (FCF)

Image analysis:
✚3D Whole-heart 

quantification of collagen 
volume 

High throughput cardiac 
analysis platform that 
opens the door to 
testing new 
therapeutics.
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If we want models that can enhance the 
resolution of medical CT images, we 
need real data and better performance 
metrics.

Paper title: Superresolution of real-world multiscale bone CT 
verified with clinical bone measures



Clinical CT 

scanner

Micro-CT scanner

FACTS dataset(Femur Archaeological CT 
Superresolution)

• 13 proximal femurs
• 2 CT resolutions 

• Co-registered

• Publicly available
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Validating YOLO v8 and SAM Foundation 
Models for Robust Point-of-Care 

Ultrasound Segmentation

Sumit Pandey
Phd Fellow

Supervisor: Prof. Erik B Dam



Methodology

● Medical image segmentation 
performed using YOLOv 8 with 
SAM and HQ SAM models and 
comparing with variations of UNets
 

● All six models were trained on 510 
images and corresponding masks 
from 175 patients and tested on an 
independent cohort 375 patients 

● Analysis revealed that the YOLOv8 
model outperformed both Unets 
models and YOLOv8 + SAM.



Please click here to 
check the web-app  

Result  
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Using Deep Generative Models for Atomic Structure 
Prediction of Metal Oxide Nanoparticles from X-ray 
Scattering Data

12-08-2024 124

Latent space Output
Nanoparticle structure

Decoder

Prior

Conditioning
X-ray scattering data

Encode
r

Input
Structure graph
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Masked Autoencoders for 
Hyperspectral Imaging 
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Combining Physics and Deep Learning: A New 
Framework for Image Denoising

Raw image

GT image

L[ ]

Yogita Yogita|Summer school on biomedical image 
analysis|12.08.2024



Combining Physics and Deep Learning: A New 
Framework for Image Denoising

L[ ]Raw image

GT image

Physics of 
Fluorescence 
Microscopy

Yogita Yogita|Summer school on biomedical image 
analysis|12.08.2024
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𝑳𝑺𝒆𝒈

Fetal Ultrasound Image Segmentation for Measuring Biometric Parameters Using Multi-Task Deep 
Learning

Zahra Sobhaninia1, Shima Rafiei2, Ali Emami3, Nader Karimi3, Kayvan Najarian4, Shadrokh Samavi4, S.M.Reza Soroushmehr4

1. Pioneer Center for AI, Department of Computer Science, University of Copenhagen, Denmark

2. Department of Computer Science, McMaster university, Canada

3. Department of Computer Engineering, Isfahan University of Technology, Iran

4. Electrical and Computer Engineering, Seattle University, USA 
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