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Intracranial pressure

• Hydrostatic pressure of the cerebral spinal fluid (CSF)

• Increased ICP (> 20-25 mmHg)

• Causes:   
- Diffuse: cell swelling (TBI) → oedema
- Local: mass lesions (brain tumour/ 

haemorrhage) → compression

• Limited space (skull): Compromises cerebral blood 
volume → cerebral blood flow → ischaemia
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Monitoring ICP

*

• “gold” standard: Invasive monitoring
- External ventricular drain (EVD)
- More often: intraparenchymal wire

• Non-invasive methods would be desirable:
- Small risk of complications (bleeding/infection)

- Screening for patients who need invasive “continuous 
monitoring”

- Wider applicable:
- Non-comatose patients, e.g. hydrocephalus
- Contra-indications for invasive monitoring (bleeding 

disorders)

*

Source: Atchabahian A, Gupta R: The Anesthesia Guide
www.accessanesthesiology.com
Copyright The McGraw-Hill Companies, Inc. All rights 
reserved

http://www.accessanesthesiology.com/
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Monitoring ICP
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• “gold” standard: Invasive monitoring
- External ventricular drain (EVD)
- More often: intraparenchymal wire

• Non-invasive methods would be desirable:
- Small risk of complications (bleeding/infection)

- Screening for patients who need invasive “continuous 
monitoring”

- Wider applicable:
- Non-comatose patients, e.g. hydrocephalus
- Contra-indications for invasive monitoring (bleeding 

disorders)

*Global aim: Develop/optimise non-invasive ICP 
assessment methods, and investigate their 

application in clinical practice
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• Measuring: a derivative of ICP
- Optic Nerve Sheath Diameter (ONSD)
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ONSD – Relation between ICP and ONSD
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ONSD - Imaging the ON and the sheath
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Optic Nerve

* (Credit: NiSonic)

*
- Non-invasive

- Completely safe

- Performed within minutes
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ONSD - as it stands now

• Manual assessment → High intra- and inter-observer variability

• Only done at a depth of 3mm → diameter changes                    
along the nerve
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Aim

Development of a semi-automated algorithm for ONSD estimation

- Replace manual ONSD estimation by a semi-automatic   
procedure, thereby reducing measurement imprecisions

- Multiple frames → noise reduction?

- ONSD at multiple depths → Better correlation with ICP?

- Develop a more accurate regression model to estimate ICP 
based on ONSD measurements
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• B-mode ultrasound images of both eyes
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Methods

• Perform “Snake” algorithm on the 
filtered image to find the CSF
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• Find a Contour that “best” segments the image 
into nonoverlapping regions.

• Define an Energy function that describes the 
“goodness” of the contour fit:

With F being a cost function.

For example:
𝐹 = 𝐼(𝑥𝑖𝑛𝑡, 𝑦𝑖𝑛𝑡) − 𝜇𝑖𝑛𝑡

2 +
𝐼(𝑥𝑒𝑥𝑡 , 𝑦𝑒𝑥𝑡) − 𝜇𝑒𝑥𝑡

2 +  λ

• Find contour C that minimises the Energy E

Image segmentation - Energy function
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• Changing the function φ yields:
→ different zero-level set contour 
→ different energy E

• Intuitively: Find φ for which E is minimal → optimal image 
segmentation
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2D (function) N-D [functional]

Find minimum of: f(x) = x2
E[𝜑(s)] = 𝑎

𝑏
𝐹(𝑠, 𝜑, 𝜑′), with s = [x,y]

Extrema at: 𝑑𝑓(𝑥)

𝑑𝑥
= 0

δ𝐸

δ𝜑
= 0 or,

−
δ𝐸

δ𝜑
= −

𝜕𝐸

𝜕𝜑
+

𝑑

𝑑𝑠

𝜕𝐹

𝜕𝜑′
= 
𝜕𝜑

𝜕𝑡
= 0

Steepest gradient 
descent

𝑥𝑛+1 = 𝑥𝑛 − ∇𝑥𝑓 𝑥𝑛 ∆𝑡 𝜑𝑛+1 = 𝜑𝑛 − ∇𝐸𝜑 ∗ ∆𝑡

Intuitively Find new point x closer to the 
minimum

Find new function 𝜑 closer to the 
minimum

Euler-Lagrange
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2D (function) N-D [functional]

Find minimum of: f(x) = x2
E[𝜑(s)] = 𝑎

𝑏
𝐹(𝑠, 𝜑, 𝜑′), with s = [x,y]

Extrema at:

𝑑𝑓(𝑥)

𝑑𝑥
= 0

δ𝐸

δ𝜑
= ∇𝜑𝐸 = 0

δ𝐸

δ𝜑
=

𝜕𝐹

𝜕𝜑
−

𝑑

𝑑𝑠

𝜕𝐹

𝜕𝜑′
= 0

Steepest gradient 
descent

𝑥𝑛+1 = 𝑥𝑛 − ∇𝑥𝑓 𝑥𝑛 ∗ ∆𝑡 𝜑𝑛+1 = 𝜑𝑛 − ∇𝜑𝐸 ∗ ∆𝑡

Intuitively Find new point x closer to the 
minimum of f(x)

Find new function 𝜑 closer to the 
minimum of E[φ(s)]\

𝑑𝜑

𝑑𝑡
= −∇𝜑𝐸

𝑑𝑥

𝑑𝑡
= −∇𝑥𝑓

\\

\
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2D (function) N-D [functional]
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2D (function) N-D [functional]
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2D (function) N-D [functional]

Find minimum of: f(x) = x2
E[𝜑(s)] = 𝑎

𝑏
𝐹(𝑠, 𝜑, 𝜑′), with s = [x,y]
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𝑑𝜑

𝑑𝑡
= −∇𝜑𝐸

𝑑𝑥
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“Filtered image” “Projection on original image”
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• Preliminary results, show the ability of the algorithm to segment 
the ONS and accurately assess the ONSD

• Analysis on just one frame

• Analysis on a limited number of datasets

• ONSD is just a “snap shot” → no continuous ICP monitoring
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Future work

• Optimise algorithm:
- Determine ONSD on multiple frames
- Less user input 

• Obtain more datasets: 
- Measurements of ONSD and ICP in TBI patients has been 

approved by the Medical Ethics Committee
- Collaboration with two German centres

• Compare algorithm with manual assessment by experts: 
- ONSD values
- Intra/inter-observer variability    vs     algorithm variability
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ir. Raoul R.F. Stevens
r.stevens@maastrichtuniversity.nl



Non-invasive ICP assessment
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• Two different approaches:

Approach 1:
- Measuring: a derivative of ICP

• Optic Nerve Sheath Diameter (ONSD)

Approach 2:
- Model-based: model the relation between non-invasive

parameters and ICP
• Transcranial Doppler (TCD), Arterial Blood Pressure 

(ABP)
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Find equations that 
describe this relation

MODEL
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Approach 2: Steps to take 
• Obtain patient data: 

- CBF → TCD
- ABP
- ICP

- However, patient inclusion not yet possible because of the need for a 
coupling method between the TCD machine and ICM+ patient 
monitor

• Finding a suitable model that accurately describes the relation 
between ABP, CBFV and ICP from the patient data

• Use the model to estimate ICP from patient data 

• Compare the estimated ICP with invasively measured ICP
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