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October 2025

SAVETCON: Webinars
Info: Corné Engelbrecht, SAVETCON,  071 587 2950,  
corne@savetcon.co.za / https://app.livestorm.co/svtsos

Acupuncture – Certified Mixed Species Course
Info: Chi University: 
https://chiu.edu/courses/cva#aboutsouthafrica@tcvm.com 

SAVA Johannesburg Branch CPD Events
Monthly - please visit the website for more info.
Venue: Johannesburg Country Club
Info: Vetlink - https://savaevents.co.za/

Oranje Vaal CPD Day
11 October
Venue: Afridome, Parys
Info: conference@savetcon.co.za

Northern Natal and Midlands Branch Congress
11-12 October
Venue: Fordoun Hotel and Spa, Midlands
Info: https://vetlink.co.za/northern_natal_and_midlands/

The Middle East & Africa Veterinary Congress (MEAVC) 
17 -19 October: Pre- and Main Congress Workshops
Venue: Jafza One Convention Centre, Dubai
Info: www.meavc.com 

SAVA Free State and Northern Cape Branch Congress
17-18 October
Venue: Goose Hill Guest Farm, Bloemfontein
Info: conference@savetcon.co.za

KwaZulu-Natal Branch Congress
25-26 October
Venue: San Lameer Resort, Southbroom
Info: www.vetlink.co.za

11th International Sheep Veterinary Congress
27-31 October
Venue: Wollongong, New South Wales, Australia
Info: https://intsheepvetassoc.org/11th-isvc-2025

February 2026

March 2026

June 2026

Septembr 2026

10th Annual South African Immunology Society 
(SAIS) Congress		
30 October – 01 November
Venue: Garden Court Marine Parade, Durban (KZN)
Info: corne@savetcon.co.za or visit www.savetcon.co.za

Southern Cape Branch Congress
31 October – 01 November
Venue: Oubaai Hotel Golf & Spa, George
Info: https://vetlink.co.za/southern-cape-branch/

SAEVA Congress 2026
19 - 22 February
Venue: Champagne Sports Resort, Drakensberg, 
KwaZulu Natal
Info: https://vetlink.co.za/saeva-congress-2026/

Wildlife Group of the SAVA Congress 2026
12 - 14 March
Venue: 26° South Hotel , Muldersdrift, Gauteng
Info: https://vetlink.co.za/wildlife-group-2026/

NVCG: The Veterinary Masterclass: Neurology
17 - 18 March
Venue: Cape Town (venue to be confirmed)
19 - 20 March
Venue: Johannesburg (venue to be confirmed)
Info: Vetlink: www.nvcg.co.za or +2712 346 1590

13th Int Crustacean Society Mid-Year Meeting
01-04 June
Venue: STIAS – Stellenbosch
Info: https://tcs2026.com/

RuVASA Congress 2026
08 - 10 June
Venue: Champagne Sports Resort, Drakensberg, KZN
Info: https://vetlink.co.za/ruvasa-congress-2026/

NVCG: The Vet Masterclass: Medicine & Dermatology
19 - 20 September
Venue: Johannesburg (venue to be confirmed)
21 - 22 September
Venue: Cape Town (venue to be confirmed)
Info: Vetlink: www.nvcg.co.za or +2712 346 1590

SAAVT Biennial Congress
30 September - 01 October
Venue: Krystal Beach Hotel – Gordon’s Bay
Info: conference@savetcon.co.za
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What a whirlwind month September has been! I would like to congratulate 
and thank all our colleagues who freely gave of their time and skills to support 
the vaccination, awareness, and sterilisation campaigns conducted during this 
period. Your generosity does not go unnoticed, and it reflects the profession’s 
enduring commitment to animal health, one health and the public good.

The constitution of the South African Veterinary Council (SAVC) continues to 
dominate conversations within the fraternity. At its meetings held on 26 and 
27 September respectively, the SAVA Board of Directors and Federal Council 
considered the ongoing impasse regarding the constitution of the SAVC, the 
notice of motion received as part of the legal proceedings between the SAVC and 
the Minister of Agriculture, as well as various communications from members 
and Special Interest Groups.

Both meetings resolved to create a poll to allow members to express their 
preferences regarding the matter. Several possible approaches have been 
identified to address the situation. These options are not mutually exclusive, 
and any course of action will require cooperation by the parties concerned. 
This poll is intended solely to gauge the preferences of SAVA members. While 
the aggregated results will be shared with the relevant parties where applicable, 
the preferences expressed will not necessarily determine or influence the 
outcome of the matter. It was also clarified at FEDCO that despite some written 
communication, the parties have not yet formally met to resolve the issue. Both 
meetings emphasised that the desired end state is the constitution of a credible 
veterinary council within the legal framework as soon as possible. The President 
has accordingly been tasked to engage the National Department of Agriculture 
and Ministry to create a space for dialogue and the resolution of the impasse.

In light of these discussions, the meetings also reflected on how we as colleagues 
use SAVA platforms to engage on important matters. While these platforms 
cannot be regulated completely, there will always be a need for a degree of self-
awareness and discernment about what and how we post. We are all passionate 
about the profession, and that passion is a strength. At the same time, let us be 
mindful of how we express ourselves: engaging in good faith, with integrity, 
and with mutual respect. This approach ensures that robust debates remain 
valuable learning opportunities for all and strengthen, rather than fracture, our 
professional community. This consciousness is amplified when it comes to senior 
members of the profession as well as portfolio holders of the organisation.

On behalf of the Board and Federal Council, I would like to extend our sincere 
appreciation to our outgoing SAVA representative on the SAVC, Dr Brendan 
Tindall. Your dedication, professionalism, and tireless advocacy for the interests 
of the profession have been invaluable. We are deeply grateful for the time, 
expertise, and commitment you have given to uphold high standards of 
governance and ethical practice, and we wish you well in your future endeavours.

We also wish to recognise the contribution of our incoming SAVA representative 
on the SAVC, Dr. Leon De Bruyn. Stepping into this role has been something 
of a baptism of fire, yet you have already contributed significantly to creating 
balance and perspective in the ongoing debates around the SAVC. Your 
willingness to engage constructively at such a critical time is commendable, and 
we look forward to your continued leadership and insight as we navigate these 
challenges together.

Similarly, our new Interim General Manager, Sonja Ludik, has also experienced 
something of a baptism of fire and is already thriving in her role. We warmly 
welcome you, Sonja, and trust that you will find the challenges both stimulating 
and rewarding, and that the experience gained will prove invaluable in your 
professional growth.

Another issue discussed was the live export by sea of animals destined for 
slaughter. Both meetings agreed that a similar poll of members should be 
conducted on this subject. The SAVA Animal Ethics and Welfare Group with the 
assistance of Professor. Gareth Bath, who has contributed significantly in this 
area, has been tasked with drafting an appropriate statement for members to 
consider via the poll.

This issue is complex and calls on veterinarians to provide leadership grounded 
in ethical and scientific principles and practices, a clear understanding of the 
applicable legal framework, and awareness of the socio-economic impacts. It 
was highlighted at both meetings that SAVA can advise and provide guidance, 
but it is not responsible for regulatory functions and cannot dictate the 
implementation of legal instruments in this matter.

Coming up this month is the much-anticipated WVA VPP Workshop, to be held 
in Pretoria. The workshop will address concerns regarding the implementation 
of an FAO project assisting VPPs to open their own practices in three African 
countries, and will also explore the possibility of similar projects for veterinarians. 

Nominations for attendance have been requested from the NVCG, RUVASA, and 
the branches where the project was piloted—namely the North West, Eastern 
Cape, and Karoo.

The Strategy Development Committee, working closely with FINCO, has 
continued to focus on safeguarding SAVA’s financial viability. This has proved 
to be an uphill task given delayed HWSETA payments, the slow realisation of 
sponsorships, and outstanding membership fees. The key challenge remains 
the need for SAVA to operate strictly within its means, necessitating a leaner and 
more efficient administration. Despite this, SAVA has managed to reduced its 
operational costs significantly, a phenomenal performance and commendable 
achievement by all involved.

The issue of outstanding membership fees remains a critical concern. Branches 
and groups are therefore urged to actively encourage their members to 
regularise their subscriptions, as this revenue is essential to sustaining the work 
of the Association and ensuring its long-term effectiveness.

Thank you once again to all members who continue to give of their time, energy, 
and expertise. These collective efforts strengthen our profession and ensure that 
SAVA remains a credible voice for veterinarians.  v

Groetnis!  
Ziyanda
President of the South African Veterinary Association

From the President

Dear members,
Let us keep the pace 

and remain impactful!
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What is the eye? 

The eye is a fluid-filled bulb that allows us to observe by sight. A 
miracle in itself. At exactly the right pressure, it allows us to see. 
It is the complex sensory organ responsible for sight, working by 
focusing light onto the light-sensitive retina at the back of the eye. 

The retina converts this light into electrical signals that the optic 
nerve transmits to the brain, creating an image we perceive. The 
eye’s structures, including the protective outer layers, the vascular 
middle layer, and the light-sensitive retina, work together with 
fluids like aqueous and vitreous humour, and the focusing lens to 
achieve vision.  

I watched a video of a lens replacement once, and I was mesmerised 
by the intricacy of eye surgery. To be able to do surgery on such a 
sensitive organ is just mind-blowing. My one son-in-law is stepping 
into the world of ophthalmology, and I am always stunned by the 
effect of cataract removal or other corrective surgeries. 

A person goes from not being able to see, or to see with difficulty, 
to being able to see clearly. Something a lot of us take for granted.
With World Eyesight Day this month, I want to encourage all to 
also you to look after your own eyes. Your eyes give you the ability 
to do your daily job and to enjoy the wonderful world around you. 
Do not neglect this one sense that brings so much joy. 

Last month, we celebrated International Rabies Day, and I hope 
everybody has recovered from the myriad of activities that took 
place. In Hoedspruit, we had the sad case of a dog who missed 
out on a rabies campaign earlier and was subsequently diagnosed 
with rabies. A stark reminder that it is still out there, and every 
animal not vaccinated is at risk. But also puts the people at risk. 

Vetnews thanks every person for every rabies shot given, every 
person educated in the importance of rabies control. We still strive 
for zero rabies in 2030. 

We think of the hundreds of hectares of veld that were destroyed 
in Etosha and the surrounding farms. It is devastating after the 
good rains they had last summer.  This map is a satellite image of 
26 September 2025 and indicates fires in Southern Africa. 

A scary picture indeed, but a good reflection of the seasonal fires 
of subsistence farmers that prepare for the new planting season. 
We pray for good rain in all the affected areas.

May your October be a colourful array of blessings.  v

Andriette

From the Editor

Editor’s notes / 
Redakteurs notas
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+2712 346 1590
More Information

https://www.nvcg.co.za/
Visit our website 

......

Prof. Dr.med.vet. Ralf S. Mueller,
DipACVD, FANZCVSc 

(Dermatology), DipECVD
 

19  -  20  September 2026
Johannesburg

th th

THE VETERINARY
MASTERCLASS 
2026 | SEPTEMBER
MEDICINE & DERMATOLOGY

Stay ahead with cutting-edge expertise

National Veterinary Clinicians Group of the SAVA
Advancing Veterinary Practice for Small Animal Vets

......
17-18 March 2026
Cape Town

19 - 20 March 2026
Johannesburg

21  - 22  September 2026
Cape Town

st nd

Prof Katrin Hartmann
Prof. Dr. med. vet., Dr. habil.

Hartmann, Katrin, Prof., Dipl. ECVIM-
CA (Internal Medicine)

SPEAKERS

Prof Ralf S Meuller

+2712 346 1590www.nvcg.co.za

THE VETERINARY
MASTERCLASS 
2026 | MARCH
NEUROLOGY

Steven De Decker
DVM PhD DipECVN MvetMed PGCertVetEd FHEA MRCVS

Steven De Decker graduated from Ghent University in Belgium. After
graduation, he performed a rotating internship there and undertook a

PhD studying ‘wobbler syndrome’ in dogs. This was followed by a
Residency in Neurology and Neurosurgery at the Royal Veterinary

College. He is
Senior Lecturer and the Head of Service of the neurology and

neurosurgery team at the Royal Veterinary College. Although he is
interested in all aspects of veterinary neurology, most of his research and

publications focus on spinal disorders and neurosurgery.

National Veterinary Clinicians Group of the SAVA
Advancing Veterinary Practice for Small Animal Vets

Save the Date

Stay ahead with cutting-edge expertise

www.nvcg.co.za


“The South African Veterinary Association aims to 
serve its members and to further 

the status and image of the veterinarian.
We are committed to upholding the highest 
professional and scientific standards by utilising 
the professional knowledge, skill and resources 

of our members, to foster close ties with the 
community and thus promote the health and 

welfare of animals and mankind”.

MISSION STATEMENT

SAVA-CVC supports vets that provide primary 
animal health care (vaccinations, deworming as 

well as tick and flea treatments, sterilisations) 
to pet owners in lower-income communities at 

affordable prices.  

These CVCs (Community Veterinary Clinics) prevent 
the problems that animal shelters often have to 
respond to such as overpopulation and diseases 

like tick bite fever or parvovirus.  

CVC Distributor: West Coast CVC

Owner Name: Jan de Wee (photo with 
neighbours child that Liza loves!) 

Owner Income: No work due to no holiday 
makers on the West Coast 

Lives in: Hopefield, West Coast

Dog Sterilisation: R 550 

Did you know that your donation is tax 
deductible? For your 18A Tax Certificate, 
please email us at  cvcmanager@sava.co.za 

• Date of EFT 
• Amount
• Reference used on EFT
• Your Name
• Address
• Tel Nr

SUBSIDISE A PET STERILISATION PROJECT

Sade 
(6-month-old 

Female Terrier)

ABSA Bank Brooklyn (632005)
Account Number: 

4056 779 023
Swift Code: ABSA ZAJJ

Reference: 
“Steri Sade” and your name

Also available PayPal & PayFast!

Servicing and enhancing the 
veterinary community since 1920!

Tel: 012 346 1150
E-mail: vethouse@sava.co.za

www.sava.co.za

“Subsidise A Pet Sterilisation” 
Our responsible pet owners can often afford 

vaccinations, deworming and tick and flea 
treatments but the cost of sterilising their pet is 
beyond their means.   Please look at our list of 
pets that have been nominated by the vets for 

sterilisation – you can subsidise the sterilisation 
of a dog for R550 and a cat for R300!

For more information please go to Facebook page, 
https://www.facebook.com/communityvets or 

email us on cvcmanager@sava.co.za

«

https://healthandhygiene.co.za/wp-content/uploads/The-Facts-Issue-22-Fly-Strike-ONLINE-version.pdf
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Application of Computer 
Vision Methods in 

Veterinary Ophthalmology
An excerpt from a DOCTORAL THESIS by  Matija Burić of the 

UNIVERSITY OF RIJEKA  FACULTY OF INFORMATICS AND DIGITAL TECHNOLOGIES 

ABSTRACT 

This dissertation applies computer vision techniques, leveraging deep learning models such as U-Net and GPT-4o, to improve the 
diagnosis of canine eye diseases in veterinary ophthalmology. The DogEyeSeg4 dataset of real-world clinical images serves as the 
foundation for training. Synthetic images augmented the dataset to enhance model robustness and generalisation. 

U-Net(RSD), trained on DogEyeSeg4 and synthetic images generated using Stable Diffusion, was used for precise segmentation of 
canine eye symptoms such as corneal cloudiness, scleral redness, excessive tearing, and colored mass protrusion in the eye corner. 
The study also trained individual binary segmentation models for each symptom, utilising heatmaps from SSD eye detection 
to reduce false positives. Although these binary models improved symptom isolation, they faced challenges with overlapping 
conditions and increased complexity. Ultimately, the multiclass UNet(RSD) model provided better overall performance and 
efficiency. 

GPT-4o interpreted the segmented images, outperforming other Large Language Models (LLMs) in generating accurate 
diagnostic suggestions, particularly when using segmentation masks from the adjusted U-Net with a ResNet backbone alongside 
the original images. 

Despite promising results, challenges remain in diagnosing complex or subtle conditions like corneal ulcers. Future work includes 
expanding the dataset and symptom range, improving model architectures, and integrating multimodal data for more holistic 
diagnostics. These findings underscore the potential for AI-driven tools to revolutionise veterinary ophthalmology, offering more 
accurate and efficient diagnostic processes that can ultimately improve animal care. 



Vetnuus | October 2025 9 

Leading Article

1.	 INTRODUCTION 

1.1.	 Problem and Research Subject with Hypothesis 

The field of veterinary ophthalmology faces significant challenges 
in diagnosing and managing ocular conditions in canines, primarily 
due to the limited availability of advanced diagnostic tools. While 
human medicine has seen remarkable progress with the integration 
of computer vision techniques, especially in the domain of 
ophthalmology, these technological advancements have not been 
fully leveraged in veterinary applications. The disparity between the 
diagnostic capabilities available in human and veterinary medicine 
highlights a critical gap that this research aims to address. The core 
problem of this dissertation is to bridge this gap by developing and 
applying computer vision methods specifically tailored for canine 
eye disease detection and diagnosis. 

The subject of this research centres on the innovative application 
of deep learning models, particularly those designed for image 
segmentation, to enhance the accuracy and efficiency of diagnosing 
ocular conditions in dogs. The research explores the potential of 
adapting and optimising these models, which have proven effective 
in human medical imaging, to meet the unique challenges posed 
by veterinary ophthalmology. This includes dealing with diverse 
imaging conditions, varying image quality, and the need for precise 
segmentation of specific ocular features. 

To guide this research, the following hypotheses have been 
formulated: 

•	 A Computer vision model can recognise certain canine ocular 
conditions in still images taken in an unconstrained environment. 

•	 Modification of the input and architecture of the U-Net network 
contributes to a better segmentation of canine eye conditions. 

The first hypothesis addresses the core objective of demonstrating 
that a computer vision model, when applied to images captured 
in non-ideal, real-world settings, can accurately identify specific 
ocular conditions in canines. This aspect of the research is crucial 
because, unlike controlled laboratory environments, real-world 
veterinary practices often involve images that vary significantly in 
quality due to factors such as lighting, angle, and the behaviour of 
the animals during imaging. 

The second hypothesis related to the technical enhancement 
of the model itself, positing that by modifying both the input 
features and the architectural elements of the U-Net network, 
the model’s performance in segmenting canine eye conditions 
can be improved. This hypothesis suggests that through careful 
adjustments and refinements, the model can be made more 
robust and capable of handling the complexities associated with 
veterinary ophthalmic images, which often include a wide range 
of conditions and variations. 

Together, these hypotheses set the foundation for a 
comprehensive investigation into the applicability of advanced 
computer vision techniques in veterinary medicine, aiming to 
develop tools that could revolutionise the way canine eye diseases 
are diagnosed and managed in clinical settings. 

1.2.	 Purpose and Objectives 

The purpose of this dissertation is to apply advanced computer 
vision techniques to improve the diagnosis of canine eye diseases. 

The research focuses on developing a novel dataset and deep 
learning models for disease recognition and segmentation in 
real-world conditions. The specific objectives, aligned with the 
expected scientific contributions, are: 

1.	 An image dataset for machine learning of canine eye diseases: 
Creation of a publicly available, annotated dataset for training 
machine learning models on canine eye diseases. 

2.	 Deep convolutional neural network model for recognition of 
canine eye clinical symptoms and diseases from still images in 
unconstrained environments: Development of a CNN-based 
model for identifying eye symptoms and diseases in images 
captured under varied conditions. 

3.	 Deep neural network based on U-Net for segmentation of 
canine eye clinical symptoms from still images in unconstrained 
environments: Implementation of a U-Net-based model for 
segmenting clinical symptoms in canine eye images. 

4.	 An improved method for segmentation of canine eye conditions 
based on U-Net: Refinement of the U-Net model to improve 
segmentation accuracy for diagnosing canine eye conditions. 

1.3.	 Brief Review of Previous Research 

Computer vision has made significant strides in human medical 
diagnostics, with successful applications in ophthalmology, 
such as the detection of glaucoma and retinal diseases using 
Convolutional Neural Networks (CNNs). 

However, the application of similar technologies in veterinary 
medicine, particularly for diagnosing canine eye diseases, is 
limited. Previous studies have demonstrated the potential of CNNs 
for disease recognition in controlled environments, but there 
remains a gap in their application under real-world, unconstrained 
conditions. This research aims to bridge that gap by developing a 
tailored dataset and a specialised U-Net model for veterinary use. 

1.4.	 Scientific Methods 

The research employs several scientific methods: 

1.	 Data Collection and Annotation: A custom dataset was created 
using images collected from veterinary clinics and annotated 
by experts. 

2.	 Deep Learning Model Development: The U-Net architecture 
was modified and trained using transfer learning and data 
augmentation techniques to improve segmentation accuracy. 

3.	 Model Evaluation: The performance of the model was assessed 
using metrics such as the Jaccard Index and Dice Similarity 
Coefficient, followed by statistical analysis using ANOVA and 
Tukey HSD tests. 

4.	 Application Development: A web-based tool was developed and 
deployed using Docker to ensure portability and scalability. 

2.	 LITERATURE REVIEW 

The application of computer vision techniques has significantly 
advanced the field of medicine, particularly in the diagnosis 
and analysis of various medical conditions. Deep Convolutional 
Neural Networks (CNNs), a class of deep learning models, have 
been widely used in the field for tasks such as detecting glaucoma, 
diabetic retinopathy, and other retinal disease recognition tasks, 
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providing high accuracy in ocular image analysis and disease 
classification [1], [2]. These advancements are attributed to CNNs’ 
ability to automatically extract and learn relevant features from 
ocular images, improving diagnostic accuracy compared to 
traditional manual methods [3], [4], [5]. 

The development of these CNN-based models has been supported 
by a variety of publicly available datasets, which have enabled 
the training and validation of models in human ophthalmology. 
Notable datasets include: ORIGA-light dataset focusing on optic 
nerve head segmentation and glaucoma assessment [6], Drishti-
GS, designed for glaucoma detection, containing annotated 
fundus images for training CNNs [7], Retinal 

Fundus Image for Glaucoma Detection with a focus on glaucoma 
diagnosis [8], RIMONE, a large dataset for retinal image analysis, 
primarily used for glaucoma detection [9], iBUG focuses on facial 
landmark detection but has also been used for eye-tracking 
and ocular disease analysis [10], OpenEDS dataset that includes 
annotated eye images for eye-tracking and ocular disease 
applications [11], UBIRIS primarily for biometric purposes, but 
also applied in ocular disease diagnosis [12] and TEyeD dataset 
containing eye-tracking data, useful for studying eye movements 
and diagnosing conditions such as glaucoma [13]. These datasets 
have significantly contributed to the development of effective 
models for human ophthalmology. In contrast, the application 
of computer vision techniques in veterinary ophthalmology, 
particularly for canine eye diseases, is much less developed. 
Datasets and research in this field are scarce. Studies focusing on 
conditions such as canine glaucoma are limited [14], [15], [16], 
and the few available datasets are typically small and lack the 
diversity seen in human datasets. A notable study used CNNs to 
diagnose ulcerative keratitis in dogs, but it was constrained by a 
limited dataset and acquired under controlled conditions [17]. 
This highlights the need for more extensive datasets and research 
into canine ophthalmology. 

The U-Net architecture, introduced for biomedical image 
segmentation, has become a popular choice for various medical 
imaging tasks due to its encoder-decoder structure, which 
enables precise feature extraction and localisation [18]. U-Net’s 
architecture is particularly effective in segmenting medical images 
where pixel-level accuracy is critical. It has demonstrated robust 
performance across multiple domains, including ophthalmology, 
where it has been applied to tasks such as optic disc segmentation, 
retinal layer segmentation, and detecting diseases like glaucoma 
and cataracts [19], [20], [21], [22]. Studies have consistently shown 
that U-Net performs well in medical image analysis, confirming 
its relevance in both human and veterinary medical contexts 
[18], [19], [20], [23], [24], [25]. Transformer-based models, such as 
Swin Transformer [26] and SegFormer [27], have recently gained 
attention for their superior ability to capture global context, 
making them particularly effective in fine-grained segmentation 
tasks across human and veterinary fields. However, U-Net 
continues to be a formidable option, especially in situations 
with limited data availability, where it still performs robustly [28]. 
In fact, a comparison between U-Net and transformer-based 
architectures for medical image registration demonstrated that 
UNet, with minimal adjustments, can surpass the performance of 
these newer transformer models [28]. 

One of the key strengths of U-Net is its adaptability, particularly 
when combined with transfer learning. Transfer learning allows 
models to leverage pre-trained weights from large datasets, 

enabling them to perform well even on smaller datasets typical 
in veterinary applications. U-Net has been successfully combined 
with advanced CNN backbones like ResNet [29], EfficientNet [30], 
VGG [31], and Inception [32], significantly improving its feature 
extraction capabilities [4], [5]. These backbones help enhance the 
model’s ability to learn from limited data, making it well-suited 
for applications where obtaining large datasets is impractical. 
Furthermore, studies have shown that U-Net does not require 
an extensive dataset to achieve good results, especially when 
augmented with transfer learning techniques [33]. 

While U-Net can perform well with small datasets, the creation of 
synthetic datasets can further enhance model performance by 
augmenting the available training data. Synthetic data generation 
techniques, such as those using Generative Adversarial Networks 
(GANs) and diffusion models, have become valuable tools for 
augmenting datasets in various domains [34], [35]. Diffusion 
models, particularly Stable Diffusion, have shown promise in 
generating high-quality synthetic images by iteratively refining 
noisy images [36]. Stable Diffusion, which employs a U-Net-like 
architecture for image synthesis, can be used to create realistic 
synthetic images of diseased eyes, which can significantly improve 
the training of CNNs for canine ophthalmology [37], [38], [39]. 
These synthetic datasets could address the shortage of annotated 
data in veterinary ophthalmology and enhance model robustness 
[40]. 

A web-based application utilising a U-Net model trained on real 
and synthetic datasets could provide a valuable diagnostic tool for 
veterinarians. This application could assist in the early detection 
and treatment of canine eye diseases. In combination with image 
segmentation, the integration of Large Language Models (LLMs) 
could further enhance the diagnostic process. LLMs such as 
ChatGPT [41], Mistral [42], Gemini [43], Llama [44], and Claude 
[45] have demonstrated significant potential in medical data 
interpretation. These models, when integrated with image analysis 
tools, could help in interpreting symptoms, guiding veterinarians 
through diagnostic workflows, and improving decision-making. 
Evaluation metrics like BERTScore [46], CLIPScore [47], BLEU [48], 
METEOR [49], ROUGE [50], and SPICE [51] have shown that LLMs 
can effectively process complex medical information, making 
them suitable for integration into diagnostic applications. 

This research focuses on developing a mobile web application for 
diagnosing canine eye diseases by combining U-Net-based image 
segmentation with LLMs for interpreting medical symptoms. 

The U-Net model is trained on a custom dataset – DogEyeSeg4 
[52], augmented with synthetic data generated using Stable 
Diffusion techniques. This study explores the integration of 
LLMs with medical image analysis, evaluating the potential of 
various LLMs such as ChatGPT, Mistral, Gemini, and others in 
improving diagnostic workflows. By combining these state-of-
the-art technologies, this research aims to advance the field of 
veterinary ophthalmology, providing tools that can assist in the 
early detection and treatment of eye diseases in dogs. 

3.	 METHODOLOGY 

3.1.	 Dataset  

In veterinary ophthalmology, especially in the niche of canine eye 
diseases, obtaining suitable datasets poses significant challenges. 
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Unlike human medical datasets, which benefit from more 
standardised and widely available sources, veterinary datasets 
are relatively scarce. The images needed for training models in 
this domain must capture a variety of conditions across multiple 
breeds, often under nonideal circumstances. As a result, a custom 
dataset was developed to support this research, addressing the 
scarcity of available data. The following sections describe the 
DogEyeSeg4 dataset, constructed to overcome these challenges, 
as well as a synthetic dataset generated to augment the available 
real-world data. 

3.1.1 DogEyeSeg4 Custom dataset 

Given the limited availability of publicly accessible canine 
ophthalmic datasets, the development of the DogEyeSeg4 
dataset became essential. The process of gathering suitable data 
from real-world clinical environments posed several difficulties. 
First, patient compliance during eye examinations often impacted 
image quality. Dogs, being non-cooperative subjects, frequently 
moved during assessments, resulting in blurry images or requiring 
multiple attempts to capture usable data. Second, the diversity 
of breeds presented additional variability in eye structure, fur 
colouration, and size, all of which affected the clarity and focus of 
the images. These factors, while reflective of real-world conditions, 
made it difficult to obtain consistent, high-quality images that 
were necessary for robust model training. 

The images in the DogEyeSeg4 dataset were collected from two 
specialised veterinary ophthalmology clinics and a veterinary 
eye disease atlas [53]. Clinical environments, unlike controlled 
laboratory settings, introduce uncontrollable variables such as 
inconsistent lighting, non-standardised camera equipment, and 
varying angles of capture. These factors result in natural but 
challenging conditions for machine learning models. The lighting 
in veterinary clinics often varies depending on the location of the 
examination, leading to different levels of contrast and exposure 
in the images. Additionally, images were captured without staged 
conditions, meaning the dataset includes a range of natural 
scenarios rather than perfectly lit or artificially enhanced images. 
This variety adds to the complexity but also enhances the dataset’s 
applicability to real-world diagnostic conditions. 

The DogEyeSeg4 dataset consists of 145 images, which include 
both close-up images of the canine eye and full headshots. The 
example images with corresponding masks are shown in Figure 
1. This diversity is crucial because veterinary practitioners often 
capture images that show either the entire head of the animal 
or focus specifically on the affected eye, depending on the 
diagnostic requirement. Close-up images provide detailed views 
of specific conditions, such as corneal cloudiness or excessive 
tearing, while whole-head images are more common in clinical 
settings and may capture multiple symptoms, including redness 
of the sclera or colored masses in the corner of the eye, from a 
broader perspective. Each image was resized to 320x320 pixels for 
consistency during model training, and the dataset is annotated 
with one-channel masks in PNG format.

 The four annotated classes, described in Figure 2.[54], correspond 
to the following symptoms: 

•	 S1: Cloudiness or haziness of the cornea, 

•	 S2: Redness of the sclera, 

•	 S3: Excessive tearing, 

•	 S4: A colored mass in the corner of the eye. 

These symptoms correspond to several common diseases, 
such as Cherry Eye, Glaucoma, Uveitis, Corneal Ulceration, and 
Bacterial Keratitis. To ensure the clinical relevance and accuracy 
of the dataset, each image and its annotation were reviewed 
by a veterinary specialist. This review process was critical in 
maintaining the diagnostic.  

Ensuring the dataset complied with data protection regulations, 
particularly the General Data Protection Regulation (GDPR) [55], 
was a critical part of the dataset creation process. All images 
included in the dataset were anonymised to safeguard the privacy 
of clients and their animals. Anonymisation involved the removal 
of any identifiable information, such as examination dates, client 
names, and animal identifiers. By adhering to GDPR guidelines, the 
dataset was rendered compliant with strict privacy regulations. 
Additionally, since the images were gathered during standard 

Figure 1. Example of images in DogEyeSeg4 dataset with 
corresponding masks showing closeup of an eye (upper row) and 

whole head (lower row)

Figure 2. Visual representation of medical symptoms in the 
top-left to bottom-right order: S1 - cloudiness or haziness of 
the cornea; S2 - sclera redness; S3 - excessive tears; and S4 - 

colored mass protrusion in the corner of the eye. Precision of the 
dataset, especially given the variability in patient behaviour 
and the nonstandardized clinical conditions under which the 

images were captured
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veterinary care and no animals were harmed for the purpose of image 
acquisition, ethical approval was not required for this study. This was 
made explicit in the ethics and consent statement accompanying the 
dataset: “Images were collected as part of routine clinical evaluations, 
and no ethical approval was necessary as no harm was caused to the 
animals.” 

One of the key challenges in assembling this dataset was balancing 
the representation of each class. For example, some symptoms, such as 
excessive tearing (S3), appeared more frequently than others, such as 
the colored mass (S4). Without careful selection, this imbalance could 
lead to biased model training, where the model becomes overly tuned 
to detecting the more frequent symptoms. Therefore, a meticulous 
curation process was employed to ensure a balanced distribution 
across all four classes. 

To further enhance the dataset’s utility, data augmentation techniques 
were applied. Building on methodologies from medical image 
segmentation, particularly with respect to U-Net architecture, 
augmentation methods such as horizontal flipping, rotation by 
up to 15 degrees, and translation by 50 pixels were used as seen in 
Figure 3. [56]. These augmentations introduce variation in camera 
angles and positions, simulating different real-world scenarios where 
veterinary professionals might capture images from slightly different 
perspectives. Importantly, zoom augmentation was avoided to 
prevent interpolation, which could introduce noise into the masks and 
degrade the accuracy of the annotations. The augmentation process 
expanded the dataset to 200 images, increasing its robustness and 
making it more suitable for training machine learning models that 
need to generalise across diverse imaging conditions.  

3.1.2 Synthetic datasets 

Due to the limited availability of real-world data and the need for large 
datasets to train deep learning models, synthetic image generation has 
become a valuable resource in medical imaging, including veterinary 
ophthalmology. Several techniques exist for generating synthetic 
images, each offering strengths and weaknesses in tackling this issue. 
These methods include Generative Adversarial Networks (GANs) [57], 
Variational Autoencoders (VAEs) [58], and Diffusion Models [59]. 

Additionally, procedural methods like rule-based systems and 3D 
rendering techniques are also applied for synthetic image generation, 
offering high control over image features, albeit with increased manual 
intervention and resource demand [60]. 

GANs utilise a two-part system, where the generator creates images, 
and the discriminator attempts to distinguish them from real images. 
While GANs are capable of producing high-resolution, realistic images, 
they are computationally expensive and often unstable during 
training, with issues like “mode collapse,” where limited variations 
of images are generated. VAEs, by contrast, are probabilistic models 
that encode input data into a latent space and then decode it back, 
generating new data by sampling from this latent space. VAEs are more 
stable to train than GANs but tend to produce lower-resolution images 
that may lack the detailed features required in tasks such as ophthalmic 
disease diagnosis. Diffusion models, particularly the Stable Diffusion 
variant used in this study, offer a more balanced approach, combining 
computational efficiency with high-quality image generation. 

A significant feature of diffusion models is their reliance on the U-Net 
architecture. In diffusion models, the U-Net serves as the backbone 
for the denoising process, transforming random noise into coherent 
images. This structure makes diffusion models particularly well-suited 
for generating structured medical images [61]. 

Beyond learning-based techniques, rule-based image generation and 
3D rendering techniques are also used in certain fields for procedural 
image creation [60]. Rule-based systems apply predefined algorithms 
to generate images, offering high customisation but requiring extensive 
manual intervention. Rendering techniques simulate 3D environments 
and lighting to create highly detailed images, but these methods 
demand considerable setup and computational resources [62]. 

Figure 3. Example of 
applied augmentations 

on original image in 
top row: horizontal 

flip (middle row left), 
horizontal shift (middle 

row right), rotation 
(bottom row left), and 
vertical shift (bottom 

row right)

Figure 4. Stable diffusion generated images with fixed posture of 
different dog breeds. Images shows high degree of reality with certain 

difficulty like double set of ears

Leading Article



Vetnuus | October 2025 13 

For this study, Stable Diffusion was selected due to its balance 
between image quality and computational efficiency. Example images 
generated using Stable Diffusion can be observed in Figure 4. [63]. 
Diffusion models, particularly those built with the U-Net architecture, 
offer significant advantages in terms of structural detail and precision, 
which are crucial in medical applications like ophthalmology. The 
U-Net backbone, with its skip connections, helps preserve the fine-
grained information necessary to capture subtle disease symptoms in 
canine eye images [18].  

Stable Diffusion was further enhanced using Low-Rank Adaptation 
(LoRA), which allowed for parameter-efficient fine-tuning of the 
model, reducing both time and computational resources [64]. By using 
a small subset of real-world images from the DogEyeSeg4 dataset, 
Stable Diffusion was fine-tuned to specialize in generating images that 
accurately depict canine ophthalmic diseases like Glaucoma, Cherry 
Eye, and Uveitis. Example of such images using LoRA are presented in 
Figure 5. [63]. While rule-based systems and 3D rendering methods 
provide high control over specific image features, their high manual 
effort and resource demands made them less practical for large-scale 
image generation compared to Stable Diffusion [62]. 

In diffusion models, the process of image generation involves gradually 
transforming random noise into coherent images. This denoising 
process is managed by a U-Net architecture, which effectively captures 
both high-level structures and fine details. The model is trained to learn 
how to reverse the noise-adding process, allowing it to generate clean, 
high-quality images from noisy input during inference [59], [61]. In this 
study, the fine-tuning of Stable Diffusion was performed using custom 
LoRA, which reduced memory requirements by updating only a subset 
of the model’s parameters [65]. The use of a U-Net backbone allowed 
the model to capture the intricate details of various eye diseases, 
making it particularly effective for generating clinically relevant images 
of canine ophthalmic conditions. 

One of the key features of Stable Diffusion in this study was its ability 
to add disease symptoms to otherwise healthy eyes using inpainting 
[66], [67]. Inpainting allows for localised changes to specific regions 
of an image while leaving the rest of the image unchanged. This 
feature was valuable for introducing symptoms like scleral redness or 
corneal cloudiness into healthy eye images, which can be examined 
in Figure 6. [63]. Example image. Using prompts such as “cloudy 

cornea with red sclera,” the model could generate localised disease 
manifestations, allowing for the creation of synthetic images that 
accurately represented various stages of disease progression. This 
capability enhanced the diversity of the dataset, ensuring that a wide 
range of symptoms and severities were represented. 

In addition to generating new images, diffusion models offer unique  

opportunities for augmentation: 

•	 Symptom Severity Modification: Adjusting the text prompts 
allowed for the generation of images with varying degrees of 
disease severity, from mild to severe symptoms [38]. 

•	 Symptom Combination: Diffusion models can create images 
with multiple symptoms, such as excessive tearing and a colored 
mass, replicating complex real-world cases. 

•	 Stochastic Variability: The inherent randomness in diffusion 
models ensures that even with the same prompt, slight variations 
occur in the generated images, further diversifying the dataset 
without requiring additional real-world data collection [37]. 

Advantages of using Synthetic images: 

•	 Scalability of Data: Synthetic image generation facilitates the 
creation of extensive datasets, which are particularly valuable 
for rare conditions or underrepresented canine breeds. This 
approach addresses the scarcity of real-world data, allowing 
researchers to simulate a wide range of clinical scenarios that 
might otherwise be difficult to capture [68]. 

•	 Efficiency in Cost and Time: Compared to the collection 
and annotation of real-world images, synthetic data can be 
generated rapidly and at a significantly lower cost. This enables 
the efficient scaling of datasets required for training deep 
learning models, reducing the time and resources associated 
with manual data acquisition [69]. 

Figure 5. Close-up Stable Diffusion images using custom 
LoRA describing various medical conditions based on the 

DogEyeSeg4 dataset

Figure 6. Stable Diffusion generated image containing symptoms 
using Inpainting showing (a) healthy eyes, left eye with: (b) prolapsed 
eyelid gland, (c) red sclera, (d) cloudy cornea, (e) epiphora and (f) all 

previously mentioned symptoms
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•	 Controlled Variability: Synthetic generation allows researchers to precisely control the inclusion of specific symptoms, conditions, and their 
severity. This level of control ensures that the dataset remains balanced, mitigating issues related to class imbalance, and comprehensively 
covering the spectrum of disease presentations [69]. 

•	 Ethical Benefits: The use of synthetic images circumvents the need for invasive clinical procedures or additional veterinary visits. As a 
result, it provides an ethically sound method for expanding datasets without subjecting animals to unnecessary tests or discomfort[40]. 

Limitations when synthetic images are used: 

•	 Realism Constraints: Although synthetic image generation has made significant advancements, the resulting images may still exhibit 
subtle artefacts or unrealistic features. These imperfections could lead to a degradation in model performance when applied to real-world 
scenarios, as the models may struggle to generalise from synthetic to actual clinical data [39]. 

•	 Bias Propagation: Synthetic datasets, while generated artificially, can inadvertently carry over biases from the real-world data used in the 
finetuning process. This issue may limit the generalizability of models trained exclusively on synthetic data, as the diversity and complexity 
of real-world cases might not be fully captured [36]. 

•	 Necessity for Clinical Validation: Despite their utility, synthetic images require thorough validation to ensure their clinical relevance. 
Without rigorous validation processes, models trained on synthetic data might underperform when deployed in real-world clinical settings, 
especially when tasked with recognising nuanced or rare conditions [40]. 

3.2 Model Architecture and Training 

3.2.1 U-Net 

The U-Net architecture is widely regarded as a robust model for image segmentation, particularly in the field of biomedical image analysis. 
U-Net excels at pixel-wise classification tasks. Its architecture consists of two symmetric parts: an encoder (contracting path) and a decoder 
(expanding path), forming a U-shaped structure that allows the network to both extract features and reconstruct spatial details at the pixel level. 
The encoder in U-Net serves to downsample the input image through a series of convolutional and max-pooling layers, extracting increasingly 
abstract features. Each convolutional block consists of two 3x3 convolutional layers followed by a ReLU activation function. The downsampling 
occurs through max-pooling layers, which reduce the spatial resolution by a factor of two at each step. This progression allows the U-Net to 
capture the local features in early layers and more complex global patterns in deeper layers. Visual representation of the U-Net architecture is 
shown in Figure 7. [56]. 

At the deepest point in the architecture, the bridge links the encoder and decoder by combining features learned from the encoder’s deepest 
layer with features from the decoder’s shallowest layer. This design ensures that global and local features are propagated through the network, 
facilitating accurate segmentation even in cases of complex images with small or subtle regions of interest [70]. The combination of these feature 
maps is essential for generating detailed and contextually accurate segmentations, particularly in medical applications where high precision is 
critical. The decoder mirrors the encoder, progressively upsampling the feature maps and restoring the spatial resolution of the input image. The 
decoder combines the upsampled feature maps with the feature maps from the corresponding encoder layers via skip connections. These skip 
connections help retain the spatial context and fine details from the encoder, ensuring that the segmentation is accurate at a pixel level [18], [71]. 

Figure 7. The standard U-Net 
architecture, where the left 

encoder part and right decoder 
part form the letter U. The 

encoder effectively captures 
detailed features from the 

input images, which are then 
upsampled by the decoder part 
of the U-Net. The decoder uses 

transposed convolutions to 
restore the image to its original 

size, using skip connections 
from the corresponding 
encoder layers to refine 

the segmentation output 
with high-resolution details 

retained [56]
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The decoder uses transpose convolutions (deconvolutions) to increase the image resolution and further refine the output segmentation mask 
[72]. The final output is a pixel-wise segmentation mask, where each pixel is assigned a class label based on the features extracted by the encoder 
and decoder. U-Net has proven to be effective in tasks that require accurate segmentation with limited training data, making it particularly well-
suited for medical imaging, where annotating large datasets is often challenging [18], [71]. Its symmetrical structure and use of skip connections 
make it highly capable of handling both large and small objects in an image, and it performs well even when there is significant variation in 
object size and shape. 

3.2.1.1 Transfer learning 

Transfer learning significantly enhances the capability of deep learning models, particularly in specialised tasks such as medical image 
segmentation, by leveraging pre-trained neural networks. The U-Net architecture benefits from incorporating robust feature-extracting 
networks, known as backbones, which are pre-trained on large and diverse datasets like ImageNet [73]. These backbones capture a wide array 
of features, from simple textures to complex structures, which are crucial for accurate segmentation. 

One popular choice for a backbone in U-Net is the VGG network [31], known for its simplicity and effectiveness in feature extraction due to 
its deep architecture of 16 convolutional layers. The typical VGG-16 architecture, as shown in Figure 8. [56], consists of multiple convolutional 
layers followed by max-pooling layers, which progressively reduce the spatial dimensions while increasing the depth, capturing finer details at 
each layer. 

 
Another powerful backbone is the ResNet18 [74], which incorporates residual connections to allow training of much deeper networks by 
addressing the vanishing gradient problem. These residual connections act as shortcuts that enable the gradient to flow through the network 
without diminishing, preserving the strength of the signal (Figure 9. [56]). This architecture is particularly beneficial for U-Net, enhancing its 
ability to learn from medical images where preservation of spatial hierarchies is critical. 

The Inception V3 network [75], known for its efficiency in handling multi-scale information, uses modules composed of parallel convolutional 
layers with varying kernel sizes. This design allows the network to capture features at various scales within the same layer, making it highly 
effective for tasks that require the detection of objects of different sizes, such as different types of tissues or cells in medical images. The Inception 
V3 network is shown in Figure 10. [56]. 

Leading Article

Figure 8. The VGG-16 architecture

Figure 9. The ResNet18 architecture  
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Improved U-Net with Backbone Integration: The improved U-Net 
model incorporates these backbone networks into its architecture, 
where each encoder block is an instance of either VGG-16, 
ResNet18, or Inception V3. This integration allows the U-Net 
to utilise the advanced feature extraction capabilities of these 
networks, enhancing its performance significantly. The decoder 
of the improved U-Net model up-samples the feature maps and 
combines them with the extracted features at corresponding 
levels from the encoder, optimising the segmentation accuracy as 
seen in Figure 11. [56]. 

3.2.1.2 U-Net Algorithm 

The training of the U-Net model involves an iterative process 
of adjusting network weights to minimise the loss between 
the predicted segmentation masks and the ground truth. The 
algorithm begins by initialising the weights of both the encoder 
and decoder networks randomly. The model is then trained using 
a dataset consisting of training images and corresponding ground 
truth segmentation masks. 

For each training image, the following steps are performed in the 
training loop: 

1.	 The encoder network encodes the input image, extracting a 
set of feature maps at different levels of abstraction. 

2.	 The feature maps from the encoder are concatenated with the 
corresponding feature maps from the bridge, which combines 
contextual information from both high- and low-level layers of 
the network. 

3.	 The concatenated feature maps are then passed through the 
decoder network, which progressively upsamples the feature 
maps and reconstructs the spatial resolution to generate a 
predicted segmentation mask. 

4.	 The loss between the predicted segmentation mask and 
the ground truth segmentation mask is calculated using the 
selected loss function (such as Dice loss or cross-entropy loss). 

5.	 The encoder and decoder network weights are updated using 
an optimisation algorithm (e.g., stochastic gradient descent or 
Adam) to minimise the loss. 

The algorithm continues to iterate through the training 
images, updating the network weights after each image and its 

Figure 10. The Inception V3 architecture  

Figure 11. Schematic of the enhanced U-Net architecture with 
a backbone in both encoder and decoder blocks. The encoder 

blocks (EB) downscale the input while extracting features, and 
the decoder blocks (DB) upscale these features to reconstruct the 

output image

U-Net Algorithm

Input: Training images and corresponding ground truth 
segmentation masks 

 Output: trained U-Net model 

Initialise encoder and decoder network weights randomly.

Training Loop

For each training image and ground truth segmentation mask:

Encode the image using the encoder network. 

Concatenate encoder feature maps with bridge feature maps 

Decode concatenated feature maps using a decoder network to 
generate a predicted segmentation mask. 

Calculate the loss between the predicted and ground truth 
segmentation masks 

Update encoder and decoder network weights using an 
optimisation algorithm. 

Convergence Check

If loss converges or reaches a satisfactory level:  Exit training loop 
Else: Continue training loop 
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corresponding mask are processed. After each training loop, a 
check is performed to evaluate the convergence of the model. 
If the loss converges or reaches a satisfactory level, the training 
process is terminated. Otherwise, the loop continues until the 
model reaches optimal performance as described in Algorithm 1. 

Once the model is trained, it can be used to predict segmentation 
masks for new images. The prediction involves passing the input 
image through the encoder and decoder, generating a probability 
map for each pixel in the image. 
The class with the highest probability is assigned to each pixel, 
resulting in the final segmentation output. This process ensures 
that the U-Net model learns to accurately segment images based 
on the features extracted during the training phase, providing 
robust pixel-wise predictions for medical imaging tasks. 

3.2.1.3 Loss function 

In deep learning, loss functions are essential components that 
assess the disparity between a model’s predicted output and the 
actual ground truth values. A higher loss indicates greater error 
in the model’s predictions, while a lower loss suggests improved 
accuracy. The principal objective of loss functions is to guide 
the model toward minimising prediction errors by adjusting its 
trainable parameters, such as weights and biases. 

There are numerous loss functions available, each designed to 
reward or penalise a model differently, depending on the nature 
of the task. The choice of the most appropriate loss function is 
critical for achieving optimal performance. In this research, two 
primary loss functions were used: Dice loss (DL) and Cross Entropy 
(CE) loss, both of which are highly relevant for segmentation tasks 
in medical imaging. 

Dice Loss is directly derived from the Dice Similarity Coefficient 
(DSC), which measures the overlap between the predicted 
segmentation and the ground truth mask. 

The formula for Dice loss, which ranges between 0 and 1, is 
expressed as (1): 

1     DL = 1 - DSC   

where DL tends toward 1 in cases of poor overlap and 0 when the 
model’s predictions are perfect. Since Dice loss emphasises the 
similarity between the predicted and actual segmentation areas, 
it is particularly effective when working with small, imbalanced 
regions of interest. It calculates both precision—the accuracy of 
positive predictions—and recall, which measures the coverage of 
actual positive samples. Both precision and recall are integral to 
the effectiveness of the classifier and are expressed as follows (2): 

	

Using these definitions, the Dice Similarity Coefficient is 
equivalent to the F1score, which is a harmonic mean of precision 
and recall. This harmonic mean ensures that the model penalizes 
low values of either precision or recall, thereby encouraging a 
balance between the two. The F1-score is calculated as (3): 

	   

In this research, Dice loss was used to transform this metric into 
a continuous, differentiable function that can be applied during 
the training of the model. The formula for Dice loss (4), when 
applied to predictions and ground truth, is: 

Here, γ represents the ground truth values, and y accent represents 
the predictions made by the model. Dice loss performs well when 
applied to image-level predictions rather than individual pixels, 
as it accounts for the overlap between the predicted and true 
segmentation masks. 

Another loss function used in this study is the Cross-Entropy (CE) 
loss, which is widely regarded for its simplicity and effectiveness 
in training classification models. Unlike Dice loss, which focuses 
on the overlap between areas, CE measures the divergence 
between two probability distributions: the predicted probability 
and the actual label. CE is particularly useful when working with 
multi-class classification problems, and it can be adapted for 
binary tasks. The Binary Cross Entropy (BCE) loss is used for binary 
classification tasks and is given by formula (5): 

In cases where multiple classes are present, Categorical Cross-
Entropy (CCE) is used. CCE extends BCE to multiple classes, and 
the formula for CCE (6) is: 
	 		          

Where FF represents the total number of pixels, DD is the number 
of classes, and γγii,cc refers to the ground truth label for class ρρ at 
pixel ρρ. Similarly, γγii,cc represents the predicted probability for 
each class at each pixel. CCE focuses on minimising pixel-level 
errors but can struggle in imbalanced class distributions where 
larger objects dominate the scene, affecting the segmentation 
performance of smaller objects. 

To address this imbalance, Focal Loss (FL) was introduced. Focal 
Loss builds upon Cross-Entropy by focusing more on hard-to-
classify objects, particularly those incorrectly classified or with low 
confidence. This is achieved by down-weighting well-classified 
objects and focusing the learning process on challenging 
examples. Focal Loss is defined as (7): 

	Here, αα controls the weighting of different classes, and γγ is the 
focusing parameter, which determines the degree to which the 
model focuses on difficult-to-classify examples. γγ = 0 Focal Loss 
behaves like Binary Cross-Entropy. For multi-class classification 
tasks, BCE is replaced with CCE, and the parameter αα becomes 
a vector of class weights, while γγ is expressed as a matrix of 
probabilities for each class. 

3.2.1.4 Activation Functions 

Activation functions are an essential component of neural 
networks, determining the output of each neuron and 
introducing non-linearity into the network. This nonlinearity 
enables the network to learn complex patterns and make 
accurate predictions. In U-Net and similar convolutional neural 
networks, common activation functions include ReLU, Sigmoid, 
and Softmax [76]. 
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The ReLU (Rectified Linear Unit) activation function (8) is defined as: 

ReLU is widely used due to its simplicity and effectiveness, as it avoids the 
vanishing gradient problem that can occur with other activation functions 
like Sigmoid [77]. However, ReLU can lead to dead neurons, where 
neurons become inactive and stop learning. Variants like Leaky ReLU and 
Parametric ReLU have been introduced to address this issue [78]. 

The Sigmoid activation function (9), defined as: 

It is often used in the final layer of binary classification models. It maps 
the output to a value between 0 and 1, making it suitable for probability 
estimation. However, Sigmoid suffers from the vanishing gradient 
problem, which can slow down training [79]. 

For multi-class segmentation tasks, Softmax is typically used in the 
final layer. Softmax normalises the output probabilities for each class, 
ensuring they sum to 1. It is defined as (10): 

Where xxii represents the input to the ρρ-th class. Softmax is particularly 
useful for multi-class classification, as it allows the network to assign 
probabilities to multiple classes and select the most likely class for each 
pixel [80]. 

3.2.2 GPT-4 and GPT-4o 

Large Language Models (LLMs) such as ChatGPT, Mistral, Gemini, 
Claude, and Llama have demonstrated significant potential in medical 
diagnostics by aiding in symptom analysis and preliminary diagnosis. 
Each of these models brings unique strengths to processing medical 
data. For instance, ChatGPT excels at handling complex medical data 
and producing fluent, context-rich responses, while Mistral is specifically 
designed for efficient query resolution. Similarly, Gemini adapts well 
to dynamic conversational settings, and Claude offers a well-rounded 
approach to general data analysis. Despite these advantages, most 
of these models are challenged when tasked with complex, multi-
symptom medical scenarios, as their architecture primarily focuses on 
textual understanding rather than deep multimodal analysis [69]. The 
introduction of GPT-4 marks a notable advancement over these earlier 
models. While the previously mentioned LLMs excel at interpreting 
symptom descriptions and providing initial diagnoses, GPT-4 surpasses 
them with its ability to incorporate context-driven responses and 
integrate detailed multimodal inputs [81]. More importantly, its 
evolved version, GPT-4o, extends the capabilities of the original model 
by incorporating object detection and segmentation tasks, which are 
critical in image-based diagnostics. This enhancement makes GPT-
4o particularly valuable for tasks requiring a combination of natural 
language processing and detailed image analysis, as seen in veterinary 
ophthalmology diagnostics. 

The GPT-4 model, recognised for its robust performance in language-
related tasks, has been innovatively adapted for image analysis, 
deviating from its primary design as a text-processing engine. This 
unconventional application involves using images as input, where the 
model is expected to generate outputs that align with the visual content 

observed, rather than textual data. This method leverages the model’s 
latent ability to handle multimodal tasks despite its foundational 
design as a language model [82]. While GPT-4 exhibits capabilities 
in image classification, it inherently lacks direct functionalities for 
object detection and segmentation—key components in detailed 
image analysis. Addressing these limitations, the enhanced version, 
GPT-4o, introduces mechanisms to perform these tasks by generating 
segmentation masks akin to those in ground truth data of test images, 
marking a significant enhancement over its predecessor [83]. The core 
architecture of GPT-4 is built upon the Transformer model, specifically 
tailored for language generation but applicable to a broader range of 
sequence processing tasks. 

This architecture is illustrated in Figure 12. [63] and encompasses 
several critical components:

•	 Embedding Layer: Converts input tokens into rich, informative 
embeddings, supplemented with positional encodings to preserve 
the sequential nature of the input data. 

•	 Multi-Head Attention: This mechanism allows the model to 
dynamically focus and refocus on different segments of the 
input data, facilitating a deeper understanding of the contextual 
interdependencies within the data. 

•	 Feed-Forward Networks: Positioned to process the data 
sequentially from the attention mechanisms, these networks are 
pivotal in refining the data handling. 

•	 Residual Connections and Layer Normalisation: These components 
are integral for maintaining the flow of gradients during training, 
thus enhancing the stability and performance of the model. 

•	 Output Layers: Comprising a linear layer followed by a softmax 
activation, these layers predict the likelihood of the next token in 
the sequence, based on the processed embeddings. Nx
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observed, rather than textual data. This method leverages the model’s 
latent ability to handle multimodal tasks despite its foundational 
design as a language model [82]. While GPT-4 exhibits capabilities 
in image classification, it inherently lacks direct functionalities for 
object detection and segmentation—key components in detailed 
image analysis. Addressing these limitations, the enhanced version, 
GPT-4o, introduces mechanisms to perform these tasks by generating 
segmentation masks akin to those in ground truth data of test images, 
marking a significant enhancement over its predecessor [83]. The core 
architecture of GPT-4 is built upon the Transformer model, specifically 
tailored for language generation but applicable to a broader range of 
sequence processing tasks. 

This architecture is illustrated in Figure 12. [63] and encompasses 
several critical components:

•	 Embedding Layer: Converts input tokens into rich, informative 
embeddings, supplemented with positional encodings to preserve 
the sequential nature of the input data. 

•	 Multi-Head Attention: This mechanism allows the model to 
dynamically focus and refocus on different segments of the 
input data, facilitating a deeper understanding of the contextual 
interdependencies within the data. 

•	 Feed-Forward Networks: Positioned to process the data 
sequentially from the attention mechanisms, these networks are 
pivotal in refining the data handling. 

•	 Residual Connections and Layer Normalisation: These components 
are integral for maintaining the flow of gradients during training, 
thus enhancing the stability and performance of the model. 

•	 Output Layers: Comprising a linear layer followed by a softmax 
activation, these layers predict the likelihood of the next token in 
the sequence, based on the processed embeddings. Nx

To effectively deploy GPT-4 and GPT-4o in veterinary 
ophthalmology, specific contextual adaptations are necessary. 
These models are configured to act as theoretical consultants, 
analysing visual data from images and predicting possible 
veterinary conditions. The setup demands a tailored prompt that 
provides the models with a context encapsulating the task of 
diagnosing based on visual cues alone, without supplementary 
background information. An exemplary prompt used in this 
scenario is demonstrated in Figure 13. [63], where the models’ 
output includes diagnostic suggestions and segmentation masks, 
crucial for practical applications [84]. 

The outcomes derived from this innovative application of GPT-4 
and GPT-4o are directly compared against traditional methods, 
providing a benchmark for assessing the efficacy of integrating 
language models in image-based diagnostic tasks. This 
comparative analysis is essential for validating the models’ utility 
and effectiveness in real-world scenarios [85]. 

3.2.3 Grounding SAM 

Object detection and segmentation models like YOLO [86] (You 
Only Look Once) and Mask R-CNN [87] (Region-Based Convolutional 
Neural Network) have shown remarkable performance in various 
applications, including medical image analysis. YOLO is known for 
its speed and efficiency, as it processes an image in a single pass to 
detect objects, making it highly suitable for real-time applications. 
However, both YOLO and Mask R-CNN require extensive training 
on customised datasets specific to the objects they are designed 
to detect or segment. This means that to achieve high accuracy 
in a particular domain, such as veterinary ophthalmology, these 
models must be fine-tuned using domain-specific data, which can 
be time-consuming and resource-intensive. 

In contrast, Grounding SAM, a powerful combination of Grounding 
DINO [88] and SAM [89], operates in a more versatile and 
adaptable manner. Instead of relying on pre-training for specific 
objects, Grounding SAM only requires a text prompt to detect 
and segment objects in an image. This prompt-driven approach 

eliminates the need for pre-training on customised datasets, 
making it ideal for applications where labelled data is scarce or 
difficult to obtain. Grounding SAM builds upon the foundational 
principles of transformer models and leverages zero-shot 
learning capabilities, meaning it can generalise across different 
tasks and images without the need for extensive retraining. This 
characteristic sets it apart from traditional models like YOLO and 
Mask R-CNN, which depend on task-specific training. 

Grounding DINO is the first step in the Grounding SAM framework, 
responsible for object detection. It operates by taking both images 
and text prompts as input. The transformer-based architecture 
of Grounding DINO enables it to process relationships between 
various objects in the image through its self-attention mechanism. 
This process allows the model to focus on relevant parts of the 
image, enhancing its ability to detect objects even in visually 
complex or noisy environments. 

The text prompts provided to Grounding DINO are essential for 
guiding the object detection process. For instance, in the case 
of diagnosing canine eye diseases, text prompts describing 
symptoms in layman’s terms (e.g., “extensive tearing”) are used, as 
medical terminology might not yield effective results due to the 
model’s limitations in domain-specific vocabulary. 

Once the objects have been detected by Grounding DINO, the 
bounding boxes are passed to SAM for instance segmentation. 

SAM’s task is to convert these bounding boxes into precise 
segmentation masks, which provide pixel-level accuracy for each 
detected object. SAM utilises a transformer-based image encoder 
that can handle a wide range of segmentation tasks with minimal 
human intervention, making it highly versatile for medical 
applications, where segmentation accuracy is paramount.  

In veterinary ophthalmology, SAM’s segmentation masks are 
particularly useful for delineating fine details of ocular symptoms, 
such as corneal cloudiness or scleral redness. This level of precision 
in image segmentation ensures that even subtle abnormalities can 
be detected and analysed, providing critical data for diagnostic 
purposes. SAM’s ability to generate accurate segmentation 
masks in a zero-shot manner—without the need for task-specific 
training—positions it as a powerful tool in the medical domain. 

The combined operation of Grounding DINO and SAM is depicted 
in Figure 14. [63], which illustrates the process of diagnosing 
canine ocular conditions. The input image, typically a clinical 
photograph of a dog’s eye, is first processed by Grounding DINO, 
which identifies areas of interest based on the provided text 
prompt. 

Grounding DINO generates bounding boxes around the detected 
areas, such as the eye or tear ducts, and these are passed to SAM for 
detailed segmentation. SAM then produces segmentation masks 
that outline the detected regions with pixel-level precision. The 
segmented regions, such as areas of corneal opacity or excessive 
tearing, are used as input for further analysis. 

A significant challenge in applying Grounding SAM to medical 
image analysis is prompt engineering, particularly when dealing 
with complex medical terminology. Grounding DINO and SAM 
requires prompts that can be interpreted accurately by the model. 

Medical terms such as “epiphora” or “keratitis” may not yield 
effective segmentation results due to their specialised nature. 
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Instead, prompts need to be rephrased in simpler terms, such as 
“watery eyes” or “eye inflammation,” to ensure the model can process 
and detect the relevant symptoms.  Figure 15. [63] demonstrates 
how the structure and content of the text prompt significantly 
influence the model’s output, highlighting the importance of careful 
prompt formulation. 

3.2.4 Single Shot Multibox Detector (SSD) for Eye Detection  

The Single Shot Multibox Detector (SSD) [90] was utilised to 
pinpoint the eye region in canine images, serving as an assisting 
tool for the improved segmentation task. SSD stands out for its 
real-time performance, accomplishing object localisation and 
classification simultaneously in a single forward pass of the network. 
This efficiency is achieved by omitting a separate region proposal 
generation stage, a common feature in other detection systems like 
Mask R-CNN, which simplifies the detection process and reduces 
computational overhead.  

The architecture of SSD is built upon a robust base convolutional 
neural network, which is employed for feature extraction from the 
input image. Following this feature extraction phase, SSD utilises 
additional convolutional layers to produce feature maps at multiple 
scales. This multi-scale feature extraction allows SSD to detect 
objects of various sizes effectively. Key components of the SSD 
workflow include: 

•	 Feature Extraction: which utilises a pretrained network like 
VGG16 or ResNet to derive rich feature maps from the input 
image. These features form the foundation for detecting objects 
at various scales. 

•	 Detection Heads: a segment where each feature map level has 
associated detection heads that output scores and bounding 
boxes for potential objects at that scale. 

•	 Non-Maximum Suppression (NMS): this step refines the 
detection by removing overlapping boxes, ensuring that each 
detected object is represented by the single best bounding box. 

The process flow of the SSD model is illustrated in the provided 
diagram in Figure 16, which clarifies the stages from image input 
through to the final predictions. The diagram shows how the image 
is processed through the VGG16/ResNet layers for feature extraction, 
followed by multi-scale detection heads, and culminating in the 
NMS stage to produce the final object predictions. 

Given the absence of publicly available models for detecting 
canine eyes, a custom SSD model was trained specifically for this 
task. The training dataset consisted of 99 images of dog eyes from 
various breeds and medical conditions, including healthy eyes, each 
annotated with ground truth bounding boxes in XML format. This 
approach was designed to ensure that the model could accurately 
identify eye regions across diverse scenarios. 

The performance of the custom-trained SSD model was evaluated 
with impressive outcomes. The model achieved an average 
Intersection over Union (IoU) of 0.92 with a standard deviation of 
0.08, and an average Dice Score of 0.96 with a standard deviation 
of 0.05. An F1 score of 0.9, calculated using Precision (0.97) and 
Recall (0.84), defines a well-suited detection model. These results 
highlight the SSD model’s high precision in localising the eye region 
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Figure 14. Grounding Dino and SAM integration flowchart
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Figure 15. Grounding Dino prompting examples showing diversity 
with resulting detection and its prediction score. Prompts used for 

generating detection from top to bottom are: (a) "colored mass 
protrusion in the corner of the eye", (b) "colored mass protrusion in 
the eye" and  (c) "red mass protrusion". Third prompt (c) is used for 

segmentation by SAM implementation (d).

Figure 16. Single Shot Multibox Detector diagram for eye detection 
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within the canine images, confirming its effectiveness for this 
specific application in veterinary ophthalmology. While the model 
demonstrates strong performance metrics, occasional detection 
inaccuracies underscore the need for ongoing adjustments and 
improvements in model training. 

3.3. Web Application Development 

The development of the web application for eye symptoms 
segmentation and medical condition prediction focuses on 
providing a robust, user-friendly interface to assist veterinarians 
and pet owners in diagnosing canine ocular diseases using AI-
based image analysis. The web application is built to integrate a 
suitable segmentation model, ensuring seamless deployment, 
accessibility, and scalability. The development process is initiated 
by designing an intuitive user interface that would guide users 
through the image acquisition and diagnostic process. As seen in 
Figure 17, the system starts with a user interface that allows users 
to either capture images of their dog’s eyes or upload them from 
local storage.  

This flexibility accommodates both veterinary professionals and pet 
owners who may not have prior experience with such diagnostic 
tools. The quality and framing of these images are crucial for 
accurate segmentation [56], so the interface should include an 
overlay mask as shown in Figure 18.[54], guiding users on how to 
correctly align the dog’s eye for optimal image capture [54]. 

The backend architecture of the application was designed to 
support the high computational demands of the segmentation 
model while ensuring portability. The system is containerised 
using Docker [91], which simplifies the deployment process and 
ensures that the application runs consistently across different 
platforms. This containerised approach also allows the application 
to scale efficiently, accommodating an increasing number of users 
without sacrificing performance. The core image processing tasks 
are handled by a suite of Python [92] libraries, including TensorFlow 
[93] for model execution, OpenCV [94] for image manipulation, 
and Pillow [95] for image formatting. The backend server, built 
using Flask [96], ensures stable communication between the web 
interface and the desired segmentation model, processing images 
and delivering results in real-time [54]. The entire setup ensures 
that the application is portable, scalable, and easy to deploy on 
both local machines and cloud-based servers. 

To ensure efficient handling of requests and model processing, 
the deployment was optimised for server environments equipped 
with advanced graphics processing units (GPUs), ensuring that 
the heavy computational tasks, such as segmenting and analysing 
canine eye images, are handled with minimal latency. This server-
based approach also allows for future scalability, where additional 
images can be collected and processed, contributing to the 
improvement of the model through continuous retraining and 
dataset expansion. Additionally, the application is built with the 
capacity to expand into mobile platforms, further enhancing its 
accessibility. 

The web application not only provides diagnostic insights 
but also aims to enrich the model by collecting user data with 
their consent. Each user interaction and image submission can 
potentially contribute to the growth of the dataset, allowing for 
further model refinement. This continuous loop of data collection, 
analysis, and improvement represents the application’s potential 
for evolving alongside the veterinary community’s needs. The user 
experience is further enhanced with feedback features, guiding 
users with next steps based on the results, and providing valuable 
insights into their pet’s ocular health. 

The combination of these technical and practical design choices 
has led to a comprehensive tool for diagnosing canine eye 
diseases, setting the foundation for further developments and 
improvements. 

4. EXPERIMENTS AND RESULTS 

This section presents a detailed analysis of the experimental 
procedures and outcomes, focusing on the performance of 
various models in diagnosing canine ocular diseases. It is 
structured to provide insights into the evaluation process through 
several stages. First, we describe the test dataset used for model 
evaluation, including its structure and content. Next, we elaborate 
on the metrics applied to assess both segmentation and text 
generation tasks. 

The core of the experimentation focuses on the training and 
evaluation of the U-Net model, both with and without backbone 
networks. A comparative study is also performed between the 
U-Net model trained on a real dataset versus one trained on 
a combined real and synthetic dataset to evaluate the impact 
of synthetic data augmentation. In a separate experiment, the 
benefits of binary vs. multiclass models were assessed along with 
their limitations.  

Additionally, this section compares the performance of U-Net 
against GPT-4 and Grounding Dino in both segmentation and 
diagnostic interpretation tasks. 
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These comparisons highlight the strengths and weaknesses of 
different approaches, allowing for a comprehensive assessment of 
model efficacy in real-world applications. 

4.1 Test dataset 

The test dataset for evaluating the U-Net, GPT-4, and Grounding 
SAM models was meticulously assembled to ensure diversity 
and clinical relevance, drawing from a wide range of veterinary 
resources. The images in the dataset were sourced from veterinary 
medical encyclopedias, peer-reviewed medical articles, and 
specialised veterinary clinics, all of which provided documented 
diagnoses and necessary permissions [53]. Each image in the 
dataset was resized to a standardised 320x320 pixel format to 
facilitate consistent processing and analysis across models. This 
standardisation is crucial to maintain the uniformity of input 
data and ensure the comparability of model outputs during 
testing. A representative example from the dataset is shown in 
Figure 19. includes images of an American bulldog [97] and a 
crossbred dog [98], both diagnosed with Cherry Eye as seen in. 
These images depict a pink-colored ocular protrusion from the 
medial canthus—a classic sign of Cherry Eye—accompanied by 
excessive tearing. Although both dogs present similar symptoms, 
their differing breeds introduce subtle anatomical variations that 
challenge automatic segmentation models. The models must 
learn to handle such variations and correctly interpret symptoms 
in diverse breeds. This illustrates some of the inherent difficulties 
that computer vision must address when attempting to accurately 
segment and diagnose eye conditions in canines. 

The test dataset was annotated in detail to reflect four key 
ocular symptoms that are commonly observed in veterinary 
ophthalmology: Corneal Cloudiness or Haziness, Sclera Redness, 
Excessive Tearing and Colored Mass Protrusion in the Corner of the 
Eye. Each image was paired with a one-channel mask, stored in PNG 
format, annotating the four distinct classes of symptoms. These 
annotations are crucial for training and validating the models, as 
they provide ground truth data that allows the models to learn 
the correct segmentation patterns. The pixel intensity in the mask 
varies depending on the symptom being represented, allowing for 
precise identification of each condition. This approach mirrors the 
methodology used for the DogEyeSeg4 custom dataset, ensuring 
consistency between training and test datasets.

The dataset includes images representing five significant ocular 
diseases in canines: Cherry Eye, Glaucoma, Uveitis, Corneal 
Ulceration, and Bacterial Keratitis. Each of these diseases is featured 
through five distinct cases, providing a total of 25 images for 
comprehensive model testing. 

•	 Cherry Eye: This condition is characterised by the prolapse of 
the gland of the third eyelid, visible as a pink-colored mass in 
the corner of the eye. Cherry Eye can cause discomfort and, 
if left untreated, may lead to more severe complications such 
as dry eye or infection. The test images show various stages 
of Cherry Eye, providing the models with different levels of 
protrusion and tear production to segment and interpret. 

•	 Glaucoma: Caused by elevated intraocular pressure, 
Glaucoma often results in pain, corneal cloudiness, and scleral 
redness. The dataset includes images showing a range of 
Glaucoma severity, from mild to advanced cases, where the 
eyeball is visibly enlarged. These images challenge the models 
to recognise subtle differences in redness intensity and 
cloudiness levels. 

•	 Uveitis: This inflammatory condition affects the uveal tract 
and often presents with scleral redness, pain, and sensitivity 
to light. In some cases, corneal cloudiness is also observed. 
The Uveitis cases in the dataset emphasise the need for precise 
segmentation of redness and cloudiness, ensuring that the 
models can distinguish between inflammatory conditions and 
other ocular issues. 

•	 Corneal Ulceration: This condition is typically the result 
of trauma or infection and is marked by corneal erosion or 
scratches. The test images highlight the symptoms of excessive 
tearing and sclera redness, along with visible cloudiness in 
some cases. These images require the models to focus on 
small, localised areas of damage, a challenge in real-world 
clinical scenarios where the ulcers may be difficult to detect 
without specialised equipment. 

•	 Bacterial Keratitis: Bacterial infection of the cornea leads to 
symptoms such as corneal cloudiness and tearing and can 
progress rapidly if untreated. The dataset provides examples 
of varying severity, allowing. 

The models to learn how to segment the infected areas accurately 
and distinguish them from less severe conditions like Corneal 
Ulceration. 

Each disease class is represented with diverse images, ensuring that 
the models are exposed to a broad spectrum of cases. This enables 
the models to generalise better and handle real-world variations in 
symptom presentation, breed anatomy, and disease progression. 
These images, along with their corresponding annotated masks, 
form the foundation for the final model evaluation. The sample of 
the test dataset can be observed in Figure 20. [63]. 

This test dataset is not only a tool for evaluating the U-Net 
segmentation model but also serves as a benchmark for comparing 
the performance of the GPT-4 and Grounding SAM models.

By utilising the same dataset across all models, the results can 
be compared directly, allowing for a thorough performance 
evaluation. The models will be assessed based on their ability to 
accurately segment and interpret the symptoms associated with 
each disease, with particular focus on their precision in identifying 
small, nuanced differences between similar conditions. 

The goal of this evaluation is to determine which model offers 
the most effective solution for automated segmentation and 
diagnosis in canine ophthalmology. The evaluation will be 
detailed further in the “Performance Evaluation” section, where we 
will outline the specific metrics and outcomes that support this 
comparative analysis. 
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Figure 19. Images of an American bulldog (left) and a crossbred 
dog (right) show a pink-colored mass protruding from the medial 

canthus of both eyes, accompanied by signs of inflammation, 
including pain and excessive tearing, indicative of Cherry Eye
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4.2 Metrics 

The evaluation of the experiment is centered around two primary 
aspects: the segmentation of symptoms and the interpretation 
of input images. The results from both stages of the experiment 
will be quantitatively assessed using standard metrics for 
segmentation accuracy and text similarity, comparing the model 
outputs to ground truth data. The following subsections provide 
detailed explanations of the metrics and procedures employed for 
evaluating model performance. 

4.2.1 Segmentation metrics 

To assess the effectiveness of the segmentation models, several 
well-established metrics are applied. These metrics offer a robust 
evaluation of how accurately the models segment the key 
symptoms in canine ocular images. 

•	  Jaccard Index (Intersection-over-Union, IoU): The Jaccard Index 
measures the overlap between the predicted segmentation and 
the ground truth, reflecting how well the model can identify the 
same regions as the ground truth segmentation. It is calculated 
as (11): 

Where TP represents true positives (correctly identified regions), FP 
represents false positives (incorrectly identified regions), and FN 
represents false negatives (missed regions) as described in Figure 
21. IoU provides a direct measure of how much of the predicted 
segmentation overlaps with the actual, intended segmentation. 

•	 Dice Index: A measure similar to the Jaccard Index but with 
greater sensitivity to overlap, the Dice Index evaluates the degree 
of similarity between the predicted and actual segmentations. It 
is calculated using the following formula (12): 

Leading Article

Figure 20. The test dataset contains 25 samples, evenly distributed across five different diseases. Symptom 1 represents a colored mass 
protruding in the corner of the eye, Symptom 2 refers to cloudiness or haziness in the cornea, Symptom 3 signifies redness of the sclera, 

and Symptom 4 denotes excessive tearing

11

Figure 21. Representation of a confusion matrix with horizontal 
argument as Ground Truth (GT) and vertical as Prediction, 

showing correctly identified regions as TP, incorrectly identified 
regions as FP, missed regions as FN and correctly identified 

negative regions as TN
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The Dice Index is particularly useful in medical imaging as it 
penalises small discrepancies between the predicted and actual 
segmentation more strongly than IoU, thus providing a more 
stringent assessment of segmentation performance. 

•	 Pixel Accuracy: This metric calculates the proportion of 
correctly classified pixels across the entire image, both for 
foreground and background classes. The formula (13) is: 

Where TN refers to true negatives (Figure 21). While Pixel Accuracy 
offers a broad overview of the model’s ability to classify pixels, it 
may be less sensitive to rare conditions when most of the image 
consists of healthy tissue. 

•	 Sensitivity (Recall): Sensitivity, also known as the true positive 
rate, measures the proportion of actual positives (symptomatic 
regions) that the model correctly identifies. It is a critical metric 
in medical diagnostics because it indicates the model’s ability 
to detect all possible symptomatic areas. The formula (14) is: 

A high sensitivity score is crucial for ensuring that no symptomatic 
regions are missed. 

•	 Specificity: Specificity, or the true negative rate, evaluates how 
well the model identifies negative regions, which are areas of 
the image that are free from symptoms. The formula (15) is: 

Specificity is important for minimising false positives, ensuring 
that the model does not incorrectly classify healthy regions as 
symptomatic. Both Sensitivity and Specificity work together to 
provide a comprehensive evaluation, ensuring that the model not 
only identifies symptomatic regions but also avoids misclassifying 
healthy areas. 

For all these metrics, a score closer to 1 indicates better 
performance, signifying near-perfect alignment between the 
predicted segmentation and the ground truth mask. These metrics 
will be used to compare the performance of U-Net with other 
models, providing a detailed analysis of how well the models 
generalise across different cases. 

4.2.2 Text similarity metrics 

In the second part of the experiment, the models’ ability to interpret 
images and generate accurate textual diagnoses is evaluated. This 
is particularly important for models like GPT-4 and GPT-4o, which 
generate text-based interpretations of the symptoms seen in the 
images. A suite of metrics commonly used in natural language 
processing (NLP) is employed to compare the generated text with 
the reference diagnosis. 

• BERTScore: BERTScore is a sophisticated metric that uses BERT 
embeddings to evaluate the semantic similarity between the 
generated text and the ground truth. It measures the cosine 
similarity between the tokens of the predicted and reference 
sentences (16): 

where TTBB and RRBB  represent the precision and recall of the BERT 
embeddings, respectively. BERTScore captures subtle semantic 
similarities that traditional n-gram-based metrics may overlook. 
The formulas for Precision (17) and Recall (18) are: 

Where C represents the set of tokens in the candidate sentence 
and R the set of tokens in the reference sentence, the term 
cosρρSSee (SS), ρρSSee (SS) denotes the cosine similarity between 
the embeddings of tokens t and t’. The F1 Score (FFBB) is computed 
as follows (19): 

•	 CLIPScore: Leveraging the multimodal CLIP model, CLIPScore 
measures the similarity between the vector representations of 
the generated text and the reference text. It is calculated using 
the cosine similarity between the two vectors (20): 

Where VVccccnncciiccccttcc and VVccrrccrrccnncccc represent the vector 
embeddings of the candidate and reference texts. 

This metric is particularly effective for evaluating descriptions 
in the context of images, making it ideal for diagnosing medical 
conditions from image input. 

•	 BLEU: This metric evaluates the overlap of n-grams 
(sequences of words) between the candidate and reference 
texts, penalising shorter sentences to ensure that full 
descriptions are considered. The formula is (21): 

BLEU is a popular metric for evaluating machine translation and text 
generation models. 

•	 METEOR: This metric computes the harmonic mean of unigram 
precision and recall, leveraging linguistic resources such as 
stemmers and synonyms. The formula is (22): 

	  		
METEOR provides a more nuanced evaluation by considering word 
stems and paraphrasing. 
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•	 ROUGE: ROUGE measures the overlap between the longest 
common subsequences in the candidate and reference texts, 
without requiring consecutive matching words. ROUGE-L is a 
common variant used (23): 

where R is recall, P is precision, and β is a weighting factor. 

•	 SPICE: SPICE compares the scene graphs of the candidate 
and reference sentences, focusing on the semantic content. It 
evaluates the propositional meaning of the sentences rather 
than just surface-level ngram matches (24): 

By employing these diverse and complementary text similarity 
metrics, we ensure a comprehensive evaluation of the models’ 
ability to generate accurate, semantically meaningful diagnoses 
from medical images. 

Each metric provides a unique perspective on the model’s 
performance, capturing nuances in both lexical accuracy and 
semantic understanding. This multi-metric approach ensures that 
the models are evaluated rigorously, supporting the reliability of 
their medical interpretations. 

5. DISCUSSION 

This study was guided by two primary hypotheses: 

Hypothesis 1: A computer vision model can recognize 
certain canine ocular conditions in still images taken in an 
unconstrained environment. 

Hypothesis 2: Modification of the input and architecture of the 
U-Net network contributes to a better segmentation of canine 
eye conditions. 

In the “Experiments and results” section, strong evidence supporting 
both hypotheses is provided. We developed and evaluated a series 
of models for detection, segmentation, and interpretation tasks 
to diagnose canine ocular diseases from images captured in real-
world, unconstrained environments. Given the lack of pre-existing 
models for detecting canine eyes, we trained a custom Single Shot 
Multibox Detector (SSD) model. This SSD model was trained on 
99 images encompassing various breeds and medical conditions, 
including healthy eyes. The model achieved the next scores: IoU 
92%, Dice Score 96%, Precision 97%, Recall 84% and F1 Score of 
90%. 

These metrics indicate high accuracy in localising the eye region 
within unconstrained images, confirming that a computer vision 
model can effectively detect canine eyes in real-world conditions, 
which is needed for the experiment with a custom attention 
mechanism used by the U-Net segmentation. 

For symptom segmentation, we initially implemented the 
standard U-Net architecture and then enhanced it with four 
different backbone networks: ResNet34, Inception V3, VGG16 and 
EfficientNet B3. These models were trained using the next loss 
functions: Categorical Cross-Entropy (CCE), Dice Loss (DL), Focal Loss 
(FL) and Combined Dice and Focal Loss (DL+FL). Best Performing 
Model is the U-Net model with a ResNet34 backbone trained using 
the combined Dice and Focal Loss (U-Net + ResNet34 with DL+FL). 
In 5-fold cross-validation, it achieved: Mean IoU 74%, Dice. 

Similarity Coefficient (DSC) 83.4%, Sensitivity 86.3% and Pixel 
Accuracy 97.2%. The U-Net + ResNet34 with DL+FL outperformed 
other configurations in three out of four classes and demonstrated 
robust performance in accurately segmenting key ocular symptoms: 
S1 - Cloudiness or haziness of the cornea, S2 - Redness of the sclera, 
S3 - Excessive tearing and S4 - A colored mass in the corner of the 
eye.  

Further enhancements to the segmentation model were made by 
training on a combined dataset of real images from DogEyeSeg4 
and 400 synthetic images generated using Stable Diffusion, referred 
to as U-Net(RSD). This model achieved IoU 81%, DSC 88% and Pixel 
Accuracy 97%. These improvements underscore the effectiveness 
of augmenting training data with synthetic images to enhance 
model generalisation and performance. 

The U-Net(RSD) model was compared with other segmentation 
approaches: GPT-4o (IoU 16%, DSC 20% and Pixel Accuracy 72%), 
Grounding SAM (IoU 14%, DSC 16% and Pixel Accuracy 67%). The 
U-Net(RSD) model outperformed these models across all metrics, 
highlighting its superior capability in segmenting canine ocular 
symptoms in unconstrained environments. 

We explored training individual binary segmentation models for 
each symptom versus a single multiclass model. Binary models 
were trained using heatmaps as 4th channel in the RGB input image 
generated using information from the SSD eye detection. 

While binary models with heatmaps reduced false positives 
compared to binary models trained without a custom attention 
mechanism, they faced challenges with overlapping symptoms and 
increased complexity. The multiclass U-Net(RSD) model provided 
better overall performance and operational efficiency, supporting 
its use for practical applications. 

For diagnostic interpretation, several Large Language Models 
(LLMs) were evaluated: GPT-4, Gemini, Mistral, Claude and Llama-3. 

GPT-4 consistently provided the most accurate diagnoses based on 
the segmented symptoms. For single-diagnosis scenarios, GPT-4 
achieved: BERTScore 0.80, CLIPScore 0.91, BLEU 0.52, METEOR.  0.42, 
ROUGE 0.56 and SPICE 0.56. 

When integrating segmentation masks from U-Net(RSD), the 
succeeding model GPT-4o demonstrated enhanced performance: 
BERTScore 0.84, CLIPScore 0.91 and BLEU 0.49, METEOR 0.32, 
ROUGE 0.51 and SPICE 0.51. These results indicate that combining 
precise segmentation with advanced LLMs like GPT-4o improves 
diagnostic interpretation. The proposed pipeline is illustrated in 
Figure 40. [63]. 
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The published custom-made DogEyeSeg4 dataset was important in training the models. It provided a diverse set of images reflecting 
real-world clinical conditions, including variations in lighting, breed, and image quality. The inclusion of synthetically generated images 
expanded the dataset, allowing models to learn from a broader range of symptom presentations. This comprehensive dataset contributed 
significantly to the robustness and generalizability of the models. 

The limitations identified are the model’s sensitivity to image quality, where the diagnostic accuracy is highly dependent on the quality of 
input images and segmentation masks. Poor image quality or inaccurate segmentation can negatively impact model performance. Also 
noticed is that models occasionally struggled with conditions like Corneal Ulcer, suggesting the need for further refinement in handling 
less visually distinct symptoms. Some LLMs, like Llama-3, underperformed in diagnostic interpretation, indicating variability in model 
capabilities. 

Future research should focus on extending the dataset by incorporating more diverse images and medical symptoms, including rare 
conditions and different breeds, to improve model generalisation. Further usage of advanced model architectures, such as transformer-
based models for segmentation to capture global contextual information, could be beneficial. Multimodal data integration by combining 
image data with clinical history and other modalities could provide more info for a more holistic diagnostic approach. Testing the diagnostic 
pipeline in clinical settings to validate and refine the models based on practical use should provide valuable feedback. 

The experimental results confirm both hypotheses: 

Hypothesis 1 is supported by the successful development of a computer vision U-Net(RSD) model for segmentation, and implementation 
of GPT-4o for interpretation, that accurately recognises canine ocular conditions in images taken in unconstrained environments. 

Hypothesis 2 is confirmed by demonstrating that modifications to the U-Net network’s input and architecture by using a combination 
of real and synthetic images, a custom attention mechanism in the form of heatmaps, integrating advanced backbones and employing 
combined loss functions, lead to better segmentation of canine eye conditions. 

6. CONCLUSION 

This research has confirmed both initial hypotheses: 

Hypothesis 1: By developing a computer vision U-Net(RSD) model for segmentation and implementing GPT-4/GPT-4o for interpretation, 
we demonstrated that certain canine ocular conditions can be accurately recognised in still images taken in unconstrained environments.
 
Hypothesis 2: Modifying the U-Net network’s input and architecture by using a custom attention mechanism (heatmaps), integrating 
advanced backbones, and employing combined loss functions resulted in improved segmentation of canine eye conditions. 

Leading Article

Figure 40. The depicted diagnostic pipeline for canine ophthalmic conditions demonstrates improved performance when both the 
original images and their corresponding segmented masks from U-Net(RSD) are utilised as inputs for GPT-4o, enhancing the accuracy of 

the medical diagnoses derived from visual symptoms
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These confirmations highlight the effectiveness of advanced 
deep learning techniques in diagnosing canine eye diseases from 
images captured in real-world settings. The key contributions of 
this research are: 

An image dataset for machine learning of canine eye diseases: 
We developed and published the DogEyeSeg4 dataset, which 
includes a diverse set of real-world clinical images of canine eyes. 
This dataset reflects variations in lighting, breed, and image quality, 
providing a robust foundation for training and evaluating machine 
learning models in unconstrained environments. 

Deep convolutional neural network model for recognition of 
canine eye clinical symptoms and diseases from still images in 
unconstrained environments: We successfully implemented and 
tested convolutional neural network models that accurately detect 
and recognise canine ocular symptoms and diseases in images 
captured under real-world conditions. The models demonstrated 
high accuracy in localising the eye region and identifying key 
ocular symptoms, even in instances such as variable lighting and 
patient movement. 

Deep neural network based on U-Net for segmentation of 
canine eye clinical symptoms from still images in unconstrained 
environments: By enhancing the standard U-Net architecture 
with advanced backbone networks like ResNet34 and employing 
combined loss functions (Dice and Focal Loss), and augmented 
input, we developed the U-Net(RSD) model. This model achieved 
superior performance in segmenting key ocular symptoms, 
providing the precise delineation necessary for accurate diagnosis. 

An improved method for segmentation of canine eye 
conditions based on U-Net: We introduced modifications to the 
U-Net network’s input and architecture, including synthetized 
images and the use of a custom attention mechanism in the form of 
heatmaps generated from SSD eye detection. These enhancements 
led to improved segmentation accuracy and reduced false positives. 

In summary, this research demonstrates the potential of integrating 
advanced computer vision techniques with deep learning 
models to enhance the diagnosis of canine ocular diseases. The 
development of the DogEyeSeg4 dataset and the improved U-Net-
based segmentation methods contribute valuable resources and 
methodologies for future research in veterinary ophthalmology. 
The successful application of models like U-Net(RSD) and GPT-4o 
showcases the feasibility of deploying such technologies in real-
world clinical settings, ultimately aiming to improve diagnostic 
accuracy and patient outcomes in veterinary medicine.  

Despite these advancements, the research identified limitations 
such as the models’ sensitivity to image quality and difficulties in 
diagnosing subtle conditions like corneal ulcers. Addressing these 
challenges is significant for developing more accessible and reliable 
diagnostic tools. Future research should focus on expanding the 
dataset, refining model architectures, and integrating multimodal 
data to further enhance automated veterinary diagnostics and 
develop more comprehensive approaches to animal health care.  v
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Introduction

Chemical immobilisation of wild animals with associated capture and 
transport has developed from its early days a few decades ago to what it 
has become today.  

Hundreds of animals are chemically immobilised and captured annually in 
South Africa using various drug combinations, techniques and methods. 
In many cases, especially in dangerous game, fractious animal species, and 
most importantly, in white and black rhinoceros, blindfolds are used once 
the animals are immobilised.   This article highlights some cases where 
application of blindfolds has caused ocular disease.

Blindfolds and their use: 

Different materials are used to cover the eyes during immobilisation 
procedures in game. These types of materials and methods for blindfolds 
are wide ranging and  include inter alia:

1.	 Specifically manufactured halters / head masks as blindfolds, 
2.	 Mutton cloth or similar material wrapped loosely around the head 

over the eyes, 
3.	 Mutton cloth or similar material wrapped tightly around the head 

over the eyes, 
4.	 Mutton cloth or similar material wrapped tightly around the head with 

a “doughnut” ring of tightly wrapped material forming a “standoff” for 
the mutton cloth off the eye,

5.	 Items of clothing – shirts, jackets, overalls, etc. draped or tied over the 
head and eyes,

6.	 The above materials can either be or not be fixed / held in place by 
tightly wrapped adhesive tape / insulation tape / Velcro / belt and 
buckles, etc

Rationale for use of blindfolds

Occlusion of the eyes during chemical immobilisation / capture / transport 
of animals (viz. rhinoceros) is used for the following reported reasons:

1.	 Decreasing the effect of visual stimuli on opioid immobilised 
individuals

2.	 Safety of staff and people in cases of spontaneous arousals

3.	 Eliminating the access of direct sunlight to the retina through a 
mydriatic pupil

4.	 Calming of partially immobilised individuals
5.	 Easier handling of partially immobilised individuals by people
6.	 Prevention of contamination of the eye and its adnexa by foreign 

material (e.g. dirt, plant matter, etc.)
7.	 Prevention of desiccation of the cornea
8.	 Transport of rhinoceros in semi tranquilised state for extended 

periods of time
9.	 Protection of the cornea and adnexa in animals immobilised for 

extended surgical or medical procedures

Clinical cases of ophthalmic disease caused by blindfolds

Over the years of wildlife / veterinary ophthalmology practice, a number 
of rhinoceros patients have been presented with ocular disease following 
capture / transport. In all of the cases attended, the animals were 
transported blindfolded in an anaesthetised / semi immobilised state for 
a number of hours.   In some cases of orphaned calves, the blindfolds were 
left in place for a few days to facilitate easier handling and nursing to allow 
calves to latch onto bottles. The lesions observed in these cases ranged 
from central corneal ulceration to corneal rupture. Progression of the 
demise of the cornea depended on the infection or not of the open central 
cornea with collagenase producing agents and / or fungi, the time since 
initial corneal insult and presentation, and the promptness and efficacy of 
ocular treatment.   

Surgical procedures employed in the treatment of these cases included the 
following:

1.	 Temporary tarsorraphy
2.	 Nictitans flap
3.	 Conjunctival pedicle grafts
4.	 Conjunctivocorneal advancement grafts
5.	 Gundersen Flap
6.	 Enucleation

A single individual was eventually rendered bilaterally blind, whilst others 
were rendered with varying degrees of ophathlmic compromise including 
severe corneal opacity, unilateral enucleation, etc.

Causes of the corneal damage observed

Contrary to what is often believed, corneal damage is not ONLY from direct 
abrasion of the cornea by the blindfold irrespective of the material used.   
During immobilisation / partial immobilisation a few physiological changes 
occur in the eye, including:

1.	 Decreased tear production
2.	 Total or partial loss of the blink response
3.	 Lagophthalmos
4.	 Reduced spontaneous blinking
5.	 Decreased corneal sensitivity
6.	 Total or partial loss of the corneal reflex

Some of the above may be exacerbated physically by tight fitting 
blindfolds or by blindfolds which have shifted or moved.  The above listed 
physiological changes of the eye, either alone, or coupled with direct 
contact of any foreign material (blindfold) on the corneal surface, is how 
these eyes get damaged, sometimes irreversibly. 

Alternatives to the use of blindfolds

It is clear, that during any immobilisation / anaesthetic procedure of an 
animal, protection of the cornea is vital to prevent ocular complications.   
Although many more animals are captured and exposed to fitment of 
blindfolds than what have been presented for examination, it is incumbent 
on us as the primary people responsible for the health of our wildlife 
patients to explore alternatives in an effort to prevent ocular damage and 
possibly blindness, either unilaterally or bilaterally in our patients, many of 
which are the iconic white and black rhinoceros.

In Field Slit Lamp Examination of a rhino

Blindfolding Blind?
Dr. GA Bauer BVScDrMedVet(Ophth)

Gondwana Wildlife Services, Fort Beaufort, Eastern Cape

Article
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Ophthalmic Protection Alternatives

For short procedures of immobilisation (less than 1 hour) regular topical application of an inert lubricating gel (e.g. KY Jelly) is advocated.   For longer periods 
of immobilisation, topical lubricating gels together with a temporary tarsorraphy is advocated.   

If performed correctly, the latter procedure protects the cornea and conjunctiva and there is no possibility of contact with the cornea or conjunctiva by 
foreign materials.    

Failure to remove the tarsorrpahy sutures prior to reversal / release of the animal is the worst possible complication in this procedure.  v

We compound
veterinary medicines

www.v-tech.co.za   /  Tel: +27 87 150 5925 (SA)

Article
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I am delighted to introduce myself to the readers of VETNews. 

My name is Shaye Hughes, a married mom to a busy and bright 5-year-old boy who keeps 
me on my toes and reminds me daily of the importance of balance between family and 
career.

For the past 16 years, I have worked in the financial industry, where I have built extensive 
experience in accounting, tax, compliance, and business advisory services. Over the 
years, I have had the privilege of working closely with individuals, small businesses, and 
organisations across different sectors, helping them navigate the often-complex world of 
finance with confidence.

Currently, I am part of the dynamic team at Robeli, an accounting firm. At Robeli, we pride 
ourselves on being more than just accountants – we are trusted partners to our clients. 
Our services range from tax and compliance to payroll and company secretarial support. 
We are especially passionate about working with clients in niche industries, such as 
wildlife, veterinary practices, and non-profits, where tailored financial guidance can make 
a meaningful difference.

Being part of Robeli has allowed me to combine my love for numbers with my passion for helping people and businesses achieve growth and 
sustainability. I look forward to engaging with the veterinary community and contributing to conversations that strengthen both financial and 
professional success in this vital industry.

Shaye v

Welcome to Shaye Hughes

Dear SAVA member

Please note that Vethouse will be closed from 
12:00pm on Tuesday 23 December 2025 and 

will reopen on Monday, 05 January 2026.

SAVA wishes all its members and their families 
a joyful festive season and everything of the 

best for the year ahead.

Kind regards
Sonja Ludik

Interim General Manager

Geagte SAVV lid

Neem asseblief kennis dat Vethuis gesluit sal wees 
vanaf 12:00pm op Dinsdag 23 Desember 2025 en 
weer op Maandag, 05 Januarie 2026, sal heropen.

Die SAVV wens alle lede en hul families ’n 
vreugdevolle feestyd, en alles van die beste vir 

die nuwe jaar toe. 

Vriendelike groete
Sonja Ludik

Waarnemende Algemene Bestuurder

ADVERTISE IN 
VETNEWS MAGAZINE

 Email: 
assistant@sava.co.za
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Welcome to Shaye Hughes

VACCINATION BOOKS
The LAST ORDERS for 2025 for vaccination 

books will be on 30 November.

No orders will be accepted after this – this is 
to ensure that stock will be dispatched by 

15 December 2025.

Orders for 2026 will resume on 15 January.

To order / for more information contact
Debbie Breeze on

 012 346 1150 or debbie@sava.co.za

We look forward 
to connecting with 

our members on 
this community 

platform!

Have you joined yet
Our WhatsApp Communication Platform is now active!

Stay updated on member news and important topics 
in the veterinary industry.

Joining the Community: A Step-by-Step Guide

Prerequisites:
•	 Ensure you have WhatsApp installed on your device.
•	 Please add/save SAVA’s WhatsApp number to your contacts: 081 849 6088.
•	 To join, you will need an invitation link or an invite from a community admin or an existing SAVA member.

Joining via an Invitation Link:
1.	 Obtain the invitation link from a SAVA member or community admin.
2.	 Click the link, which will open WhatsApp and prompt you to JOIN.
3.	 Tap “Join” to confirm your membership.

Did not receive the link invite? Are you encountering other issues? 

Please contact Sonja van Rooyen at +27 (0) 12 346 1150 or at assistant@sava.co.za

? 
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Dr Clive Marwick

Clive’s legacy as a rural, large animal practitioner in the 
Eastern Free State is etched into the pastures and hearts he 
served. Known as the "father of bovine herd health in SA," 
he upheld a gold standard of professionalism, compassion, 
and integrity. His approach transcended treatment-he 
championed prevention, education, and collaboration, 
bringing healing not only to animals but to the communities 
that depended on them.

Messages of condolence have arrived from around the globe, 
from colleagues and protégés who called him a mentor and 
described his impact as unforgettable. Their words echo the 
heart of Clive’s legacy: generous in knowledge, patient in 
teaching, unwavering in support.

Clive het in verskeie nasionale en internasional professionele 
organisasies met buitengewone integriteit gedien. Om maar 
net ‘n paar van die organisasies te noem, die Suid Afrikaanse 

Veterinêre Vereniging, die Suid Afrikaanse Veterinêre Raad, 
die Onderstepoort Veterinêre Fakulteitsraad, die World 
Veterinary Association, en vele meer. Clive was deurentyd 
deur sy kollegas en andere genomineer om op finansiële 
komitees van organisasies en instellings te dien. 

Daar het hy díe organisasies en instellings uitgedaag om 
die regte ding te doen; en hulle finansiële sake in orde te 
kry. Onder sy leierskap is vooruitgang gemaak ten beste van 
toekomstige generasies. 

In his leadership of the South African Veterinary Council, Clive 
transformed vision into reality. As President, he led decisively- 
with merit, fairness, and faith. His belief in inclusivity, sound 
decision-making, and always doing the right thing wasn’t 
just spoken-it was lived. He guided the Council to purchase 
its own building, strengthened its finances, and helped forge 
it into a highly effective institution. As Registrar of the SA 
Veterinary Council, I knew and worked with Clive for more 
than twenty years, and I saw firsthand the ease with which 
he led- wise, humble, sincere and deeply committed to the 
greater good. 

Clive faced challenges with humour and optimism. He saw 
possibility in every problem and light in every dark corner. 
He made people feel seen, heard, and valued. Above all, he 
lived his life as a man of God- with quiet dignity, grace, and 
purpose.

His legacy is a living one—found in healthier herds, stronger 
institutions, and not least of all, the hearts of those he 
mentored. 

Clive wou sien dat sy professie met dieselfde professionalisme, 
integriteit, geloof, opregtheid en deernis voortuitgaan. 

We salute you Clive! Ons groet jou, Clive, mag jy jou Hemelse 
reis in Vrede voortsit   v

Lynette Havinga

Photo: Facebook

On Friday evening, 25 July 2025, we bade 
farewell to a giant in veterinary medicine. 

A man whose life's work shaped not only an 
industry but countless lives. Dr Clive Marwick 
was more than a practitioner-he was a pioneer, 

mentor, visionary, and friend.
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Dr Paul Bartels

Born on the 22nd February 1956, Paul’s journey as a scientist 
and veterinarian started at the University of Stellenbosch, 
where he earned a BSc Degree in 1979.  He completed his 
training as a veterinarian at the Faculty of Veterinary Science in 
1986, where his passion for wildlife and assisted reproduction 
was evident, and obtained an MSc degree from the Mammal 
Research Institute of the University of Pretoria in 1996.  

His career was marked by significant contributions to wildlife 
conservation, biobanking, reproductive science and veterinary 
science.  He was an affiliate of the University of Johannesburg, 
being awarded an Associate Professor post. He worked tirelessly 
at various institutions, including the National Zoo, SANBI, and 
the Smithsonian, and was a collaborator on groundbreaking 
projects at the Wildlife Breeding Centre (WBRC) that he 
established at Pelindaba. 

He was appointed to the Tshwane University of Technology as 
a Senior Lecturer and, latterly, to a research affiliate post with 
Stellenbosch University.

Throughout his career, Paul was well-known within numerous 
conservation hierarchies – overseas zoos such as Toronto 
Zoo and Australia, and actively engaged with the IUCN in 
contributing to the establishment of genome resource banks 
and innovative biobanking techniques. 

His research on double-headed spermatozoa and cloning in 
cattle in 2003 positioned him as a pioneer in South Africa’s 
conservation efforts.

Paul’s legacy is evident in his numerous publications and his 
role as an excellent marketing manager and fundraiser. He was 
instrumental in empowering young conservationists through 
his work with WESSA, where he served as chairman and board 
member, promoting community-led conservation and anti-
poaching initiatives.

His passion extended beyond his professional life; Paul was 
always ready to lend a helping hand and share his knowledge 
with others. He was personable and jovial, building strong 
relationships with students and colleagues alike. His grand 
ideas and innovative approaches, such as lab-grown meat and 
the Nyoka Vulture restaurant, enriched the lives of many.

Paul’s legacy includes the establishment of the SA Biobank 
Network and his involvement in the Leopard Project and 
Magaliesberg conservation efforts. He was also a microlight 
pilot, often seen flying over his farm, where he created an 
airstrip for the community.

He is survived by his partner, Elize Venter and son, and will be 
deeply missed by all who had the privilege of knowing him.

Paul Bartels was more than a colleague; he was a mentor, a 
visionary, and a friend. His passion for life and conservation will 
continue to inspire future generations.   v

Richard Burroughs 

It is with profound sadness that we announce 
the passing of Paul Bartels, a dedicated 

veterinarian and conservationist, esteemed 
colleague, and beloved friend, who left us on 3rd 
July 2025. Paul was a remarkable figure in the 

field of conservation, known for his passion, 
innovative ideas, and unwavering commitment 

to wildlife conservation.



Vetnews | Oktober 202540 
« BACK TO CONTENTS 

Call for Abstracts

SAEVA
CONGRESS
2026 Champagne Sports Resort

Drakensberg, KwaZulu Natal

19-22 February 2026
Dr Gemma Pearson Dr David Bardell

KEYNOTE SPEAKERS

GUIDELINES:
The abstract must be a complete but concise synopsis of the

content that will be both informative and useful to the potential

audience. The format for the abstracts is flexible, but should

contain a clear objective, methods and results (where

applicable) and a logical conclusion.

Two independent people will review abstracts and successful

authors will be notified within two weeks following the deadline

fro submission. Authors must accept the terms and conditions

for speakers. Abstracts that do not comply with the following

format will be returned to the authors for corrections:

Must be in English   

Abstracts may not exceed 350 words.

Must clearly indicate the author’s name. Write

names of authors in the order of last names and

asterisk (*) the person who will be the presenter.

Must clearly indicate the organization (name and

location of institution, clinic, practice etc).  If the

affiliation of co-workers differs, indicate the

names and affiliations by corresponding numbers

(Superscripts).

Must contain a list of references.

Deadline: 30 November 2025

https://vetlink.co.za/saeva-congress-2026/

Save the Date

https://vetlink.co.za/saeva-congress-2026/
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Influential  Life Coaching

THE 
CURRENCY

Dr Mats Abatzidis
B.Sc. B.V.Sc.

New Insights Certified VIP Life Coach
mats.abatzidis@yahoo.co.za
Founder of Influential Life Coaching
http://www.matsaba.wix.com/drmatscoach
Author of the published book “Life outside your comfort 
zone. Better and beyond all expectations”.
http://www.amazon.com/s/ref=nb_sb_noss?url=search-
alias%3Ddigital-text&field-keywords=Abatzidis
http://www.life-coach-directory.co.za/mats-abatzidis

Vet's Health I Life Coaching

I hope this article finds you and your families well and safe!!! Last 
month, we looked at shifting one’s state of mind from a negative 
one to a positive one within minutes. In this instalment, we are 
going to look at the currency in each of our lives. Namely, TIME, 
MONEY and KNOWLEDGE.

 We have all heard the famous quotes:

-	 “Time is money”

-	 “Knowledge is power”

-	 “Knowledge has a beginning, but no end”

-	 “Time is the most valuable thing a man can spend”

-	 “The more you learn, the more you earn”

Then I came across another quotation that got my attention: 
“There are three different currencies in life; TIME, MONEY and 
KNOWLEDGE, whichever you want abundantly, you use the 
other two to get it”. This is the first time I have seen someone 
mention all three of these entities (time, knowledge and money) in 
one statement. This rule is quite simple and applicable to anyone.

I made my decision to become a veterinarian when I was eight 
years old, because of my own dog being injured in a dog fight, 
and me not having the knowledge to help him feel better. I then 
spent the next 18 years gaining as much knowledge as I could to 
succeed at graduating as a registered veterinarian. For me to gain 
the necessary knowledge, I had to spend time and money. We 
have all been there, where we paid for learning a skill, a profession, 
or a trade. The latter applies to any form of education, whether it 
is formal (through an institute) or informal (books, the internet, 
reading articles, etc). Sometimes it will be required that we pay 
with our time (practising, speaking with a mentor, etc.) or with 
our money, and sometimes it requires both. In my experience, the 
following equation applied:

TIME + MONEY = KNOWLEDGE

I then qualified from Onderstepoort, and I was ready to start 
working as a registered veterinarian. That meant that it was time 
to apply all the knowledge I had acquired through my studying 
years and apply those skills daily for several hours a day so that 
I could earn a salary. I was planning on getting married, buying a 
house, and buying a car at the very least. The funds for all of those 
“wants” had to come from somewhere. There are multiple ways to 
earn money. 

Having a job is one of them. Starting my own practice and becoming 
self-employed would have been an alternative. So, when we apply 
the above to the equation, it shifts to look as follows:

KNOWLEDGE + TIME = MONEY

I had reached the part of my life where I could exchange time for 
money while using my skills. The next step would be to take a break 
from time to time. We are not robots, and even if we were, we would 
still need to rest intermittently. 

That means that we work and apply our knowledge to earn 
money, which also allows us to then have some time off to rest, 
travel and eventually retire. As expected, I am certain you have seen 
the pattern by now. The three variables in the equation shift again, 
and the calculation becomes as follows:

KNOWLEDGE + MONEY = TIME

This is all great and well, but inevitably, there are disclaimers in life. 
Perhaps you have guessed it already! All there of these currencies 
or entities are not the same. The one that is NOT REPLENISHABLE 
is time! “Lost time is never found again. – Benjamin Franklin. That is 
to say that as valuable as time is as an asset, it is limited and once it 
has passed, it is quite rare that we get it back. Time should not be 
wasted. We all have 24 hours in a day. 

The decision that needs to be made, and a decision that should 
never be taken lightly, is how you want to use yours. I am not only 
referring to time taken off for resting or while you are on holiday. I 
am talking about your daily routines and your basic use of time on 
a regular basis. 

Do we make a conscious decision to make money or to acquire 
knowledge? Robert Kiyosaki mentions this in his books - “...the 
difference between a rich person and a poor person is how they 
use their time...”

THINK ABOUT IT RIGHT NOW

You’re reading this article, which means you’re currently using your 
time and probably your internet connectivity, which you’ve bought 
with your money. If you decide that you have not gained anything 
from this instalment, you will have wasted your time and money. 
That’s how it works.

Next month, we will continue looking at more ideas for 
improving our quality of life and overall performance, both 

at work and at home. v
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World Sight Day is observed every year on 
the second Thursday of October. 

During the ‘SightFirst’ campaign in 2000, 
the Lions Clubs International and the 
International Agency for the Prevention of 
Blindness (I.A.P.B.) proclaimed every second 
Thursday of October to be observed as 
World Sight Day. 

The primary objective was to draw the 
public’s attention to the importance of 
following safe practices to prevent blindness 
and other problems related to vision in 
people. 

This day reminds us to take care of our eyes 
and to show love and support to those who 
can’t see.  This concept is not only reserved 
for people but can certainly be extrapolated 
to our furry friends.

The number of eye-related cases in general 
practice is rather high. It is estimated that 
about 3 % of all veterinary consultations in 
animals are eye-related, and on average, it is 
estimated that 68% of cases actually require 
referral. In the case of horses, it may be about  
7% of consultations that involve the eye. In 
this segment on ophthalmology, we shall 
highlight a few simple things that we should 
be considering when it comes to routine pet 
eye care health.

1.	 Many clients request a routine 
“eye check”.  These should be encouraged, 
just like any regular health check for dental 
disease, lameness, etc. It is amazing to see 
how often, during a full ocular examination, 
further pathology is found that the client 
was unaware of. Often, this pathology may 
have a profound effect on the eye or even 
involve regular medication or surgical 
intervention. The most common problems 
that we incidentally encounter include:

	 a. Distichiae or ectopic cilia. 
	 Often these small eyelid cilia may make 

contact with the corneal surface and result 
in discomfort, blepharospasm, keratitis or 
even ulceration. 

	 These cilia are frequently noted during a 
slitlamp biomicroscopy examination, and 
epilation is done if the dog is undergoing 
surgery for some other eye-related 
problem. 

	 b. Eyelid neoplasia
	 Tarsal margin masses seldom get smaller, 

so it is not ideal to tell an owner to watch 
the lesion and re-assess later.  It is always 
easier and more successful to resect a 
small amount of eyelid margin than to 
battle with closing a larger tarsal margin 
wound that results in a poorer cosmetic 
result.  Once a mass has reached a third or 
more of the length of the eyelid margin, 
then some form of eyelid splitting or skin 
flap is required to close the eyelid to allow 
sufficient blinking. The golden rule is to 
remove masses when they are small. 

	 c. Mature Cataracts 
	 Or developing cataracts are frequently 

seen as incidental observations, 
unbeknownst to the client, and further 
monitoring may be valid for such cases.  
Cataract surgery should be considered 
when there is a diffuse lens opacity, or even 
if vision problems have been observed. 
Probably the most important reason to 
perform regular eye care examinations in 
cataract patients is to constantly look out 
for any signs of lens-induced uveitis. This 
is the inflammatory reaction that occurs 
as a result of the antigenic lens proteins 
leaking through the lens capsule. This is 
a very serious and common problem in 
diabetic patients. 

	

Clinically, the first signs may be a slight 
blepharospasm, lacrimation or a congested 
bulbar conjunctiva.  Closer examination 
with a focal light source in a darkened room 
may demonstrate aqueous flare or subtle 
oedema to the cornea. These patients 
require urgent medical management with 
topical corticosteroid or NSAID eye drops, 
or even oral NSAIDs.  The globe should 
then be assessed for cataract surgery by 
performing gonioscopy, ocular ultrasound 
and electroretinography. 

	 The goal is to remove the antigenic lens 
proteins by phacoemulsification cataract 
surgery as soon as the globe has quietened 
down. 

	 d. Retinal degeneration. 
	 Signs of retinal degeneration are usually 

noted on a fundus examination, where 
hyper-reflectivity of the tapetal region is 
noted, together with atrophy of retinal 
blood vessels. Often, the clients are not 
aware of any signs of vision loss at home 
until an obstacle course is performed. We 
perform this test in a room with a dimmer 
switch, and it often becomes obvious 
to the client that as we reduce the light 
intensity, the dog becomes less active and 
more likely to knock into obstacles placed 
in the room. Often, only then that the 
client mentions situations at home where 
their pet may have a vision problem. 
Often, this test alone reassures them that 
their pet is managing, and they can then 
do similar testing at home and manage 
their pet’s environment better as the 
vision progressively gets worse.  Although 
there is no effective treatment for retinal 
degeneration, many clients want this 
problem monitored.  

2.	 Regular periorbital grooming 
is necessary in many breeds with long fur 
around the face.  The show-ring grooming 
practices are often impractical [such as a 
long fringe in an Old English Sheepdog] or 
the classic Schnauzer cut. There simply is 
no reason to have long hair hanging into a 
dog’s eyes, as this causes chronic irritation, 
lacrimation and even secondary ulcerations.  

Having said that, it is very important that 
if one is trimming facial hair on facial folds 
with scissors or a clipper, such as in Shih 
Tzu and Pekingese dogs, then the facial 
fold hair should be made very short and 
maintained in this position. If this cut border, 
then grows out over time, it may result in a 
“brush” border of fur, irritating the cornea 
and causing damage or chronic pigmentary 
keratitis to develop. 

Regulars I Ophthalmology Column

World Sight Day
Dr Anthony Goodhead

Specialist Veterinary Ophthalmologist
Johannesburg and Cape Animal Eye Hospitals

www.animaleyehospital.co.za
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3.	 Tear staining: It is always 
important to try and establish the reason 
for tear staining, which, for many owners, 
is offensive. In such cases, the problem 
may be caused by chronic irritation such 
as entropion, distichiae, ectopic cilia, eyelid 
neoplasia, agenesis of lacrimal puncta, 
blocked tear ducts, etc. The brown staining 
seen is a porphyrin pigment and clinically 
is not abnormal. Pigment is thought to 
become more intensely dark in colour when 
exposed to light.  The chronic use of pet 
wipes may assist.  Historically, people have 
used long-term oral antibiotics, especially 
Tylosin. This concept is contrary to all 
antibiotic stewardship issues and should 
not be condoned. 

4.	 The brachiocephalic breeds such 
as Shih Tzu, Pekingese, Pugs, etc, often 
develop a medial pigmentary keratitis in 
very young animals. It is not uncommon 
that pigmentation is often seen at about 4-5 
months of age in these breeds.  During the 
early routine consultations and vaccination 
examinations, one can look out for the pets 
that have a very large palpebral fissure 
opening. They have the “bulging eyes”.  They 
make ideal candidates for prophylactic 
treatment. Probably the most profound 
prophylactic surgery to prevent medial 
pigmentary keratitis for such patients is a 
bilateral medial canthoplasty.  

This procedure assists in closing down the 
medial canthus, and in so doing, the medial 
entropion and caruncle hair are removed, 
and the palpebral fissure is made smaller, 
preventing any facial fold irritation.  

This surgery does require magnification and 
the use of fine Vicryl sutures. 

5.	 During a regular eye care 
examination, the presence of a mucoid 
ocular discharge around the eye is a warning 
bell for potential keratoconjunctivitis sicca 
[Dry eye]. This is rarely a bacterial infection, 
contrary to what clients may be thinking. In 
such cases, a Schirmer Tear Test is essential 
to confirm the diagnosis. Dry eye is the most 
common eye problem seen by medical and 
veterinary ophthalmologists. 

Fortunately, most cases fall into the 
idiopathic / Immune-mediated group and 
respond favourably to Tacrolimus 0.02% 
in Oil.  Such cases do require regular 
supervision as signs of pigmentary keratitis, 
vascular keratitis and scarring may require 
further intervention in the future.

 6.	 “Red Eye” - One of the most useful 
reasons for having a regular eye care consult, 
or at least a good ocular examination when 
presenting pets for other reasons, is to 
take note of a red eye.  This is frequently 
noted, and on closer examination, one 
may find very important signs that could 
suggest bigger problems. Any congested 
globe would be an early warning sign for 
conditions such as uveitis, glaucoma or Dry 
Eye.

7.	 National Hereditary Eye Scheme 
– For breeders of pedigree dogs, this 
scheme, which has been operational in 
South Africa for 30 years, allows breeders to 
present dogs for examination with the view 
to looking for hereditary eye conditions. 

This is an effective method to screen dogs 
and identify dogs that are affected with 
known, or presumed to be hereditary, eye 
disease before they are used for breeding. 
There is an official certificate that is issued 
after such an examination. By paying 
attention to the above simple eye health 
concepts, one can increase the standard of 
veterinary care offered to our patients.   In 
this way, we can turn World Sight Day into 
an everyday occurrence.   v

Regulars I Ophthalmology Column
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Gastrointestinal (GI) disorders are a daily reality in companion 
animal practice, and diarrhoea and constipation remain two of 
the most common clinical signs presented in both dogs and 
cats. They represent opposite ends of the spectrum of abnormal 
stool consistency and frequency, yet both significantly impact 
patient health, client concern, and quality of life. While often 
seen as routine, these conditions can be complex, multifactorial, 
and challenging to manage. Alongside diagnostics and medical 
management, nutrition is increasingly recognised as a cornerstone 
of therapy.

Diarrhoea: When Things Move Too Fast

Diarrhoea is broadly defined as an increase in stool water 
content, often accompanied by increased frequency and volume. 
Clinically, it may be acute (sudden onset, often self-limiting) or 
chronic (lasting more than three weeks, requiring more thorough 
investigation).

Common causes include:

•	 Infectious agents (e.g., Parvovirus, Giardia, Coccidia, 
Tritrichomonas foetus in cats)

•	 Dietary indiscretion or abrupt diet change
•	 Inflammatory bowel disease (IBD) and food-responsive 

enteropathies
•	 Exocrine pancreatic insufficiency (EPI)
•	 Neoplasia or systemic disease (e.g., hepatic, renal, endocrine 

disorders)

Clinical approach:
 
A good history and faecal scoring system helps differentiate 
small-bowel from large-bowel diarrhoea. Diagnostics often 
include faecal analysis, haematology/biochemistry, imaging, and 
sometimes endoscopy with biopsy. Supportive treatment may 
involve fluid therapy, antiemetics, probiotics, and in some cases 
antimicrobials—but only when indicated.

Nutritional management:

Diet plays a crucial role in both acute and chronic diarrhoea. 
Highly digestible diets help reduce intestinal workload, while fibre 
blends help normalise stool quality. Soluble fibres (e.g., psyllium) 

ferment in the colon to produce short-chain fatty acids (SCFAs) 
such as butyrate, which nourish enterocytes and support mucosal 
health. Insoluble fibres (eg, cellulose) add bulk and help regulate 
transit time. 

Hydrolysed protein diets are invaluable in managing food-
responsive enteropathies, while therapeutic GI diets with tailored 
fibre blends are designed to stabilise stool quality in both dogs 
and cats.

Constipation: When Things Slow Down

Constipation is characterised by infrequent, difficult, or absent 
defecation. While more commonly encountered in cats—
particularly older or obese individuals—it can also affect dogs. 
Chronic cases may progress to obstipation or megacolon, 
especially in felines.

Common causes include:

•	 Mechanical obstruction (e.g., pelvic stenosis, masses, 
strictures)

•	 Painful defecation (e.g., orthopaedic disease, anal sac 
disease)

•	 Neurological disorders (e.g., spinal cord disease, nerve 
injury)

•	 Dehydration or electrolyte imbalances (e.g., hypokalaemia, 
hypercalcaemia)

•	 Idiopathic megacolon in cats

•	 Environmental/behavioural factors (e.g., stress, lack of 
exercise, or inadequate litter box access)

Clinical approach:

Work-up typically includes abdominal palpation, imaging 
(radiographs and/or ultrasound), and assessment for underlying 
systemic disease. Mild cases may respond to rehydration, enemas, 
or laxatives, but recurrent constipation requires a long-term plan.

Nutritional management:

Diet is pivotal in chronic cases. Fibre can both prevent and manage 
constipation, but the type and balance matter. Soluble fibres help 
retain water in the stool, softening faeces, while insoluble fibres 
increase bulk and stimulate peristalsis. 

More than a Gut Feeling: 
Clinical Insights and Nutritional 
Management of Diarrhoea and 
Constipation in Dogs and Cats

By Janine Volschenk BSc BVSc (UP)

SCAN THIS QR 
CODE TO VIEW 

THE CANINE AND 
FELINE FAECAL 

SCORING CHART 
(ROYAL CANIN)

«
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Some cats with megacolon benefit from high-fibre diets, while others do better on highly digestible, low-residue diets that minimise stool 
volume. Tailoring fibre levels to the individual patient is key. Adequate water intake is equally important—wet diets or water fountains may 
help in cats.

Nutrition as a Therapeutic Cornerstone

Whether stools are too loose or too firm, nutrition plays a fundamental role in restoring balance. Fibre is not just “roughage”—it is a dynamic 
tool that influences transit time, stool quality, microbial composition, and mucosal health.

In practice:

•	 Acute diarrhoea → Easily digestible, moderate fibre diets support recovery.

•	 Chronic diarrhoea or IBD → Hydrolysed or limited antigen diets with tailored fibre help reduce antigenic load and improve gut 
health.

•	 Constipation → Fibre adjustment (either increase or decrease) and water optimisation are first-line strategies, with diet forming 
the foundation of management.

Modern therapeutic diets, such as those formulated for gastrointestinal support, incorporate a balance of soluble and insoluble fibres, 
prebiotics, and highly digestible ingredients to provide clinicians with powerful tools in everyday GI cases.

Final Thoughts

Diarrhoea and constipation may be opposite clinical signs, but both highlight the central role of the gut in overall health. While diagnostics 
and medical management remain critical, nutrition is often the piece that makes the difference between temporary relief and successful 
long-term management. Understanding how to leverage dietary strategies empowers veterinarians and nurses to improve outcomes for 
both patients and owners and enhance quality of life.  
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Table 1. Summary of the different fibre types and their clinical relevance

Fibre Type Physiological Effect Examples Clinical Relevance

Soluble fibre Absorbs water, forms gels; slows transit Psyllium
Improves stool consistency in 

diarrhoea; nourishes colonocytes

Insoluble fibre Adds bulk, increases stool volume, 
stimulates motility

Cellulose
Useful for constipation by 

promoting peristalsis

Fermentable fibre Supports microbiota, produces SCFAs, 
reduces inflammation

FOS, MOS, beet pulp
Enhances gut health, modulates 

immune function

Non-fermentable fibre Increases faecal bulk without 
fermentation

Cellulose, Psyllium
Beneficial in constipation, 

especially megacolon
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Cardiac Pacemakers

Ballooning of Pulmonic Stenosis
Tracheal Sten�ng

Ureteral Bypass Device Implanta�on
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Orthopaedic & So� Tissue

Spinal Surgery
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tel: (012) 348-4071
e-mail: otomys@mweb.co.za

Website: www.microvet.co.za
Powered by Otomys Software Solutions

Cloud computing enables remote control of 
Microvet. Do damage control during lockdown 
with remote computing. Staff members can gain 
remote access to Microvet from home, through 
the Internet. Even the control freak can “DIY” by 
controlling the purse strings remotely from home. 

Prevent things from spinning 
out of control by joining our 
many happy Microvet 
Cloud clients who 
already have things 
under remote control. 

REMOTE 
CONTROL

DIY

Marketplace  / Jobs

 VETERINARY HOSPITAL
HILTON

 SPECIALIST  REFERRAL  CENTRE&

72 Hilton Avenue
(033) 343-4602

www.hiltonvethospital.co.za

Dr Martin de Scally
BVSc (Hons) MMedVet 

(Medicine)
082 784 5537

martin@hiltonvethospital.co.za

Dr Sara Boyd
BVSc MMedVet 

(Surgery)
Consulting Specialist 

Small Animal Surgeon
082 784 5537
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SPECIALIST REFERRAL 
HOSPITAL
• Open 24 Hours

• General and Referral Practice
• Emergency and Critical-care Facility

• Overnight Hospitalisation with Veterinary 
supervision

• Telephone (011) 706-6023 (All Hours)
6 Ballyclare Drive, Bryanston

email: bvh@global.co.za
web: bryanstonvet.co.za

This position would be well-
suited to someone with a 

special interest in sport horses 
but a high level of involvement 
in all aspects of our hospital will 

be required.

If you would like to know more 
about the role or to apply for 

the position, please email 
Brittany Reinhardt - 

brittanyr@vetscape.co.za

Please direct any queries to 
Brittany Reinhardt at either 
the above email address or 

telephonically on
+2721 867 0700

We have an equine 
veterinarian position 
available at Vetscape, 

located in the Western Cape, 
South AfricaKen Pettey: 082 882 7356

ken.pettey@gmail.com

Aileen Pypers : 072 599 8737
aileen.vet@gmail.com

Willem Schultheiss : 
082 323 7019

schultheisswillem@gmail.com

Mike Lowry: 084 581 2624
mikelowry@sai.co.za

Tod Collins: 083 350 1662, 
tcollins@isat.co.za

The following SAVA 
members are available 

on the SAVA stress 
management hotline. If 
required, they will refer 

you to professionals.

The SAVA Stress 
Management Hotline
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VETERINARIAN / VEEARTS

WESTERN CAPE / WES-KAAP

GARDEN ROUTE

Vacancy Location: 
Garden Route SPCA 

Job title: Veterinarian 
Job Type: Full-Time 

Degree in Veterinary Science 
(BVSc or equivalent) 

Registered with SAVC 
We offer a competitive salary with 08:00 

– 17:00 weekday working hours only. 
Closing date is 15 October 2025 

CVs to be sent to: 
chericooke@grspca.co.za 

Ref25OC01
_______________________________

FOR SALE / TE KOOP

ANAESTHETIC MACHINE 

A new veterinary anaesthetic machine 
with MSS3 vaporiser or TEC4 refurbished 

vaporiser. All machine assembly, 
servicing, and calibrations continue 

to be applied per the Blueprint of 
the former Ebrahim Cassim, Chief 

Anaesthetic Technician of Groote Schuur 
Hospital. For further information, call 

Cassim Veterinary Anaesthetics on 
021 705 2880 / 082 681 9742. 

Email: encassim@gmail.com or visit 
www.cvanaesthetics.co.za 

Ref13JA01

VARIOUS ITEMS FOR SALE 

From the closure of a practice, all at 
more than half the original cost and all 

in good condition
(1) Mindray DP 50 Veterinary Ultrasound 

Unit with a Mindray Mico Convex Transducer 
R24 900 (¼ of the original cost)

(2) Olympus CX 23 Microscope R8 400
(3) Mindray Pulse Oximeter R2 600

(4) Edan Pulse Oximeter R3 300
(5) Barcode Scanner R550

(6) Humphrey SEVOFLUORANE Gas 
Anaesthetic Machine and Emergency 
trolley R17 774 (¼ of the original cost)

(7) Idexx Catalyst One Analyser R44 100 
(¼ of the original cost)

(8) SA 232 Autoclave Steriliser 
16 litre  R15 400

(9) Refractometer R1 275
(10) Bonart Ultrasonic Dental Descaler 
with Pack of Dental instruments R5 360
(11) Carestream Vita LE CR System with 

one 24* 30 Cassette and one 30*40 
Cassette R43 725 (¼ of the original cost)

(12) Stainless Steel Cradle R550
(13) Instrument Trolley R1 250

(14) Andis Clipper and blades R2000
(15) Lead Apron R1 050, and 

Mittens R1 900
Please send a WhatsApp to 0823382678 
or an email to everton1@iafrica.com if 
you are interested in any of the above 

Ref25AU01

GENERAL / ALGEMEEN

RADIATION ONCOLOGY

(Referral Practice)

Dr Georgina Crewe BVSc, MSc(Wits)
Radiation therapy may be used alone 

or in conjunction with surgery and 
chemotherapy. Radiation is particularly 
useful in the treatment of solar-induced

Squamous cell carcinoma, cutaneous 
mast cell tumours and sarcomas. 

Palliative radiation is successful for most 
tumours as the tumour shrinks and the 
peripheral nerves are released, relieving 
the pain caused by the tumour. For more 
information or to discuss a case, please 

contact: Georgina Crewe, 
115 9th Ave, Fairland, Johannesburg 

Telephone: 011-678-3121
Cell: 082-492-6247

E-mail: crewegeorgina@gmail.com 
Ref25MY02.

Classified Advertisements
Snuffeladvertensies

Tel: 

012 346 1150 

 Email: 

assistant@sava.co.za

ADVERTISE IN 
VETNEWS 

MAGAZINE

24-Hour 

Toll-Free 
Helpline

0800 21 21 21
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26° South Hotel offers all the comforts required for an unforgettable
stay, within the soothing serenity of the African bush. The
Magaliesberg mountain range forms a picturesque backdrop for
weddings, corporate getaways and leisure seekers alike. Situated
within the Cradle Moon Conservancy in Muldersdrift Gauteng, this
private reserve provides the opportunity to escape the bustle of
the city but is a convenient 20 minute drive from Lanseria
International Airport and 1 hour drive from OR Tambo.

Must be in English   

Abstracts may not exceed 350 words.

Must clearly indicate the author’s name. Write names of authors in the order of last names and

asterisk (*) the person who will be the presenter.

Must clearly indicate the organization (name and location of institution, clinic, practice etc).  If

the affiliation of co-workers differs, indicate the names and affiliations by corresponding

numbers (Superscripts).

Must contain a list of references.

Deadline: 30 November 2025

Call for Abstracts

https://vetlink.co.za/wildlife-group-2026/

SAVE THE DAT E

CONGRESS 2026
26° South Hotel , Muldersdrift, 12-14 March 2026

Wildlife Group of the SAVA

Wildlife Group of the SAVA

https://vetlink.co.za/wildlife-group-2026/
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Call for Abstracts
GUIDELINES:
The abstract must be a complete but concise synopsis of the

content that will be both informative and useful to the

potential audience. The format for the abstracts is flexible,

but should contain a clear objective, methods and results

(where applicable) and a logical conclusion.

Two independent people will review abstracts and successful

authors will be notified within two weeks following the

deadline fro submission. Authors must accept the terms and

conditions for speakers. Abstracts that do not comply with

the following format will be returned to the authors for

corrections:

Must be in English   

Abstracts may not exceed 350 words.

Must clearly indicate the author’s name. Write names of

authors in the order of last names and asterisk (*) the

person who will be the presenter.

Must clearly indicate the organization (name and location

of institution, clinic, practice etc).   If the affiliation of co-

workers differs, indicate the names and affiliations by

corresponding numbers (Superscripts).

Must contain a list of references.

Deadline: 30 November 2025

https://vetlink.co.za/ruvasa-congress-2026/

Overlooking the Drakensberg mountain range, this polished resort, set in an elegant building with a thatched
roof, is 6 km from the Drakensberg Canopy Tour. 

Featuring mountain views, the warm rooms come with TVs, ceiling fans, and tea and coffeemakers. Plush
suites add separate lounges, fireplaces and balconies. There are also 1- to 3-bedroom chalets with kitchens,
living rooms and dining areas.

Amenities include a buffet restaurant and a sports bar. There are also 5 tennis courts, 5 outdoor pools and a
golf course, plus a gym, a spa and event space. Helicopter rides and bike rentals are also available. 

Save the DateSave the Date
CONGRESS 2026

Champagne Sports Resort, Drakensberg, KwaZulu Natal

 8-10 June 2026

the new normaL
Adapting Ruminant Veterinary Practice to Emerging Biosecurity Demands – Strategies for Sustainability and Success

https://vetlink.co.za/ruvasa-congress-2026/

