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Abstract

This report presents a comprehensive implementa-
tion and analysis of image segmentation techniques
applied to the Oxford-IIIT Pet Dataset (Parkhi et al.,
2012). We explore four distinct approaches: a
UNet-based end-to-end network architecture, an
autoencoder-based segmentation, CLIP feature-
based segmentation, and prompt-based segmenta-
tion with point and text prompts. Our implemen-
tation includes extensive data preprocessing and
augmentation techniques which significantly im-
proved model performance across all architectures.
Using CLIP features for segmentation improves
over autoencoder-based features, which highlights
the impact of pretraining on large-scale datasets.
UNet achieves the highest performance with a mean
IoU of 0.854 and a mean Dice score of 0.920
on the test set, significantly outperforming both
the autoencoder-based and CLIP feature-based seg-
mentation. We further extend our best-performing
model with prompting capabilities, demonstrating
that both point and text prompts can improve seg-
mentation performance while allowing for interac-
tive applications. Additionally, we conduct a com-
prehensive robustness analysis by subjecting our
best model to eight different perturbation types of
increasing intensity, revealing particular vulnerabil-
ities to salt & pepper noise and contrast reduction,
while demonstrating strong resilience to brightness
variations, occlusion, and Gaussian perturbations.
Through these experiments, we gain valuable in-
sights into the strengths and limitations of each
segmentation approach and the impact of data aug-
mentation on model robustness.

1. Introduction

Image segmentation is a fundamental computer vision task
that involves partitioning images into meaningful regions, a
crucial step in many applications including medical imag-
ing, autonomous driving, and scene understanding. In this
work, we present the implementation and analysis of vari-
ous image segmentation techniques applied to the Oxford-
IIIT Pet Dataset (Parkhi et al., 2012). Our project explores
four distinct approaches to image segmentation: UNet-based
end-to-end network, Autoencoder-based segmentation, CLIP
feature-based segmentation, and Prompt-based segmentation
using point and text prompts.

For each approach, we detail the network architecture, train-
ing methodology, and performance metrics on the test set.
Additionally, we conduct a comprehensive robustness anal-
ysis by subjecting our best-performing model to different

perturbation types of increasing intensity. The objectives of
this work are to compare the effectiveness of traditional and
modern deep learning segmentation approaches, investigate
how different pre-training and feature extraction strategies in-
fluence performance, and assess model robustness to various
image perturbations. Through these experiments, we aim to
gain insights into the strengths and limitations of each model
architecture on the image segmentation task.

2. Dataset Preprocessing and Augmentation

The project leverages the Oxford-IIIT Pet Dataset (Parkhi
et al., 2012), which consists of images of cats and dogs with
corresponding segmentation masks. The dataset contains
three classes: Background (class 0), Cat (class 1), and Dog
(class 2), with an additional ignore index for border regions.
The original dataset is provided with TrainVal and Test splits
each containing separate directories for images (color) and
masks (label), which we further processed into proper training,
validation, and test sets.

2.1. Data Preprocessing

First, we implemented an 80/20 train/validation split on the
original TrainVal set, ensuring a balanced distribution of
classes. We standardised all images to a uniform size of
224x224 pixels. This specific resolution was chosen to align
with CLIP’s expected input size, as CLIP models were orig-
inally trained on 224x224 images and have fixed positional
embeddings optimised for this resolution, which is crucial
for our CLIP feature-based segmentation approach. For mask
processing, the original masks are provided as RGB images
where different colours represent different classes. We pro-
cessed these masks to create single-channel segmentation
maps with integer class indices. Black pixels (RGB: 0,0,0)
were mapped to Background (class 0), red pixels (RGB:
128,0,0) to Cat (class 1), green pixels (RGB: 0,128,0) to Dog
(class 2), and white pixels (RGB: 255,255,255) to Border
which is ignored in the loss function.

2.2. Dataset Imbalance

We observed a notable imbalance in our dataset, as there are
approximately 2.1 times more dog instances that cat instances.
Consequently, the models trained on this dataset could be
biased and predict more dog pixels than cat pixels. To mitigate
this imbalance, we employed data augmentation to provide
the model with a more diverse training set of cat and dog
images. Additionally, we later applied class weights to the
cross-entropy loss function to assign a greater weight to the
Cat class during model training.

2.3. Data Augmentation

To improve model generalisation, we implemented a com-
prehensive data augmentation strategy that applies consis-



tent transformations to both images and their corresponding
masks. Our augmentation pipeline incorporates several geo-
metric transformations, which alter the geometrical structure
of images without modifying pixel values (Mumuni & Mu-
muni, 2022). These include random horizontal flipping with
50% probability, random rotation between -30°and +30°with
30% probability, random cropping from 224x224 to 196x196
followed by resizing, random translation up to 10% of image
dimensions, and elastic deformations with 30% probability
using parameters @=25 and o=3. For colour and intensity
variations, we applied image-only transformations including
random brightness, contrast, and saturation adjustments of
+20%. These transformations help the model become ro-
bust to lighting and exposure variations while preserving the
semantic content of the images, as demonstrated by the consis-
tent transformation of both images and masks in Figure 1. Our
augmentation strategy generated 3 additional augmented ver-
sions for each original training image, effectively quadrupling
the size of the training set. Validation and test sets were kept
unaugmented to ensure fair evaluation of model performance.

esized to 224x224) - Image Original

sized to 224x224) - Mask

(a) Original (224x224)

Full Joint Transform - Image Full Joint Transform - Mask

(b) Full Joint Transform

Figure 1. Examples of joint transform applied consistently to both
input image (left) and its segmentation masks (right)

2.4. Implementation Details

We implemented the preprocessing and augmentation pipeline
using PyTorch’s (Paszke et al., 2019) transformation utili-
ties, with special attention to maintaining consistency be-
tween images and masks. Our implementation centres around
a custom JointTransform class that applies the same geo-
metric transformations to both image and mask, ensuring
pixel-level correspondence critical for segmentation tasks.
We extended PyTorch’s Dataset class to create a PetDataset
class for efficient data loading and preprocessing. Special
consideration was given to mask transformations, where
we used nearest-neighbour interpolation to preserve discrete
class labels that would otherwise be corrupted by bilinear
or bicubic methods. The pipeline is orchestrated by two

main functions: create_augmented_dataset, which per-
forms the train/val split and generates augmented samples, and
get_data_loaders, which creates PyTorch Datal.oader ob-
jects with appropriate batch sizes and worker configurations.

2.5. Final Dataset Summary

Our preprocessed and augmented dataset consists of 11776
training examples with augmentation (effectively 4x the orig-
inal training set size), 736 validation images, and 3710 un-
changed test images. This preprocessing and augmentation
approach provided a robust foundation for training our seg-
mentation models, improving model performance and general-
isation by increasing the volume and diversity of the training
data. The augmentation parameters were carefully selected
to create realistic variations while preserving the semantic
content of the images. Importantly, all transformations were
applied jointly to both images and masks to maintain pixel-
level correspondence, which is crucial for segmentation tasks.

3. Network Design and Implementation

The following networks have been designed to process RGB
images (3 channels) of size 224x224 pixels and output seg-
mentation masks with 3 channels corresponding to our target
classes: background (class 0), cat (class 1), and dog (class 2).
Cross-entropy is employed as the loss function for all seg-
mentation models as it measures the difference in distribution
between the true label and the predicted mask and outputs the
class probability for each pixel in this multi-class setting. We
ignored the white border pixels in the loss function and only
considered the Cat, Dog, and Background classes.

3.1. UNet

Our UNet implementation follows the well-established
encoder-decoder architecture with skip connections originally
proposed by (Ronneberger et al., 2015), adapted specifically
for the pet segmentation task. Figure 2 illustrates the overall
architecture, showing the symmetric U-shaped structure that
gives the network its name.

The foundational building block of the design is the Double-
Conv module, comprising two sequential 3x3 convolutional
layers, each followed by batch normalisation and ReL.U ac-
tivation. This module appears throughout the network and
serves to extract and refine features at each resolution level.
We included batch normalisation as an enhancement to the
original UNet design based on the work of (Ioffe & Szegedy,
2015), which stabilises training and accelerates convergence.
Following (He et al., 2015), we omitted bias terms from con-
volutional layers when followed by batch normalisation, as
they become redundant. ReLU activations are applied with
the inplace parameter to reduce memory consumption during
training, an important consideration given the large feature
maps in the UNet architecture.

3.1.1. UNET - ENcODER COMPONENT

Our network’s encoder path progressively downsamples the
input image while increasing feature channel depth. Starting
with the input image (224x224x3), the initial level processes
it through a DoubleConv block to produce 32 feature maps
at the same spatial resolution. We deliberately chose 32 as
our initial feature dimension, rather than 64 as in the orig-
inal UNet, to balance model capacity with computational
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Figure 2. UNet Architecture Diagram. The dashed rectangle is the
additional point encoder for the point-based model in §5.1.

efficiency. This design choice follows modern efficient UNet
variants (Zhou et al., 2018), allowing us to achieve good per-
formance with fewer parameters. The encoder continues with
four sequential downsampling operations using max pooling
with stride 2, reducing spatial dimensions by half at each level.
We selected max pooling over strided convolutions based on
empirical evidence (Badrinarayanan et al., 2017) suggest-
ing it better preserves important features for segmentation
tasks. Each downsampling operation is followed by a Dou-
bleConv block that doubles the number of feature channels,
compensating for spatial information loss with richer feature
representations (Long et al., 2015). The encoder’s spatial
dimensions and feature channels progress as follows: from
224%224%32— 112x112x64— 56X56x128— 28Xx28%256—
14x14x512, reaching the bottleneck. This bottleneck creates
an information constraint that forces the network to extract
the most salient features (Tishby & Zaslavsky, 2015), while
the high channel dimension ensures sufficient capacity for
representing complex boundaries between cats, dogs, and
background regions.

3.1.2. UNET - DECODER COMPONENT

The decoder path mirrors the encoder in reverse, using trans-
posed convolutions with kernel size 2 and stride 2 for up-
sampling. These transposed convolutions learn the optimal
upsampling parameters during training, making them more
effective than fixed interpolation methods for preserving fine
details in pet fur and boundaries (Zeiler et al., 2010; Noh et al.,
2015). Following each upsampling operation, feature maps
from the corresponding encoder level are concatenated with

the upsampled features via skip connections, allowing the
decoder to recover spatial details that would otherwise be lost
during downsampling. The decoder progresses through fea-
ture maps of increasing spatial resolution and decreasing chan-
nel depth: from 14x14x512—28%x28%256—56x56x128—
112x112x64—224x224x32, the original image size. At each
level, a DoubleConv block processes the concatenated fea-
tures. The final stage applies a 1x1 convolution that maps
the 32 feature channels to the 3 output channels, essentially
making a class prediction for each pixel location. This 1x1
convolution functions as a pixel-wise classifier, determining
for each spatial position whether it belongs to background,
cat, or dog class (Long et al., 2015).

3.2. Autoencoder

Originally designed for dimensionality reduction, autoen-
coders have since been adapted for various tasks such as
image compression, image denoising, and image generation.
The objective of the autoencoder is to reconstruct its own in-
put; in other words, the target output of the network is simply
the original input. This is particularly advantageous as it al-
lows the model to learn a representation of the image without
requiring any annotated labels.

An autoencoder consists of two components: an encoder
which constructs a low-level representation of the input 7 =
encoder(x) and a decoder which reconstructs the original
input from the latent representation ¥ = decoder(h). During
training, the model aims to align the output X to the input x
and learns useful properties of the input images in the process
(Goodfellow et al., 2016).

As illustrated in Figure 3, we leveraged the autoencoder to
obtain low-level and mid-level features of the image, which
can then be used to train a separate segmentation decoder.
Our autoencoder architecture closely resembles the design in
(Bagheri & Mohsenzadeh, 2024). The latent dimension of 256
is used to allow sufficient dimensionality reduction while still
capturing complex features in the image. Mean Squared Error
(MSE) is employed as the loss function for the autoencoder to
directly compute the squared difference between an original
image and its reconstruction, while cross-entropy loss is used
to train the segmentation decoder for pixel-wise classification.

3.2.1. AUTOENCODER - ENCODER COMPONENT

The encoder has five blocks, and each block consists of a
convolutional layer with batch normalisation, followed by
the ReLU activation function and max pooling. Within each
block, the convolutional layer extracts spatial features from
the image by applying a kernel to 3x3 regions in the image.
Earlier layers learn simple features such as edges, while later
layers learn more complex patterns in the input. Across the
five encoder blocks, the convolutional layers increase the
number of channels from 3 (RGB)—32—64—128—256.
Batch normalisation is then applied to the outputs of the con-
volutional layers, which normalises the activations in each
mini-batch to zero mean and unit variance. This effectively
mitigates the internal covariate shift and acts as regularisation
to the network which enables more stable training (Ioffe &
Szegedy, 2015).

The ReL.U activation function f(x) = max(0, x) introduces
non-linearity in the network which enables it to learn complex
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Figure 3. Autoencoder Architecture with Segmentation Decoder

relationships. We chose ReLU over other activation functions
because it is most commonly used in the literature.

Finally, max pooling layers are applied to iteratively down-
sample the feature maps. In our network, max pooling out-
puts the maximum value in each 2x2 region with a stride of
2 to avoid overlapping regions. This effectively reduces the
dimensions by half, thus over the five encoder blocks, the orig-
inal image size is downsampled from 224x224—112x112
—56Xx56—28%x28—14x14—-7X7.

The encoder component results in a latent representation with
the shape 7x7x256, where 256 is the latent dimension and
7 is the downsampled image size, which is 12 times smaller
than the original input size of 224x224x3.

3.2.2. AUTOENCODER - DECODER COMPONENT

The decoder mirrors the encoder with five sequential blocks,
however it applies upsampling starting from the latent repre-
sentation of shape 7X7x256 to reconstruct the original input

shape of 224x224x3. Each decoder block consists of a trans-
posed convolution, batch normalisation, and ReLLU, except
for the last block which consists of a transposed convolution
and a sigmoid layer.

The transposed convolution upsamples the feature maps by re-
versing the downsampling effect of the convolutional and
max pooling layers in the encoder. Using a 4x4 kernel
and stride of 2 doubles the spatial dimensions in each de-
coder block, which iteratively increases the dimensions from
TXT—14x14—28%28—-56X56—112x112—224x224 to re-
store the original image size. At the same time, the number
of channels is decreased from 256—128—64—32—-3.
Similar to the encoder, batch normalisation is used to ensure
activation values stay within a reasonable range and stabilise
training, while ReLU is used to allow non-linear transforma-
tions. At the end of the decoder, the sigmoid function is used
as the final activation function to ensure output pixel values
are between 0 and 1. Figure 4 illustrates the reconstructed
images as the output of the autoencoder.

Original QOriginal

Reconstructed

| —

Figure 4. Reconstructed images by the Autoencoder

3.2.3. SEGMENTATION DECODER

The segmentation decoder takes the latent representation of
the frozen autoencoder’s encoder as input to train for the im-
age segmentation task. The architecture of the segmentation
decoder is similar to the autoencoder’s decoder, with the only
difference being the absence of the final sigmoid activation as
the cross-entropy loss function expects unnormalised logits as
input. There are five upsampling blocks in the segmentation
decoder, each doubling the spatial dimensions and reducing
the number of channels by half. These blocks iteratively up-
sample the latent representation of size 7Xx7x256 to the output
of size 224x224x3. Unlike in the autoencoder’s decoder, here
3 is the number of output classes and not the number of input
channels.

3.3. CLIP

The third segmentation approach leverages OpenAl’s CLIP
(Contrastive Language-Image Pre-training) model (Radford
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et al., 2021) as a foundation for segmentation. CLIP was
originally designed for image-text matching and zero-shot
image classification tasks rather than dense prediction, making
our adaptation of its features for segmentation an exploration
of its versatility beyond its intended use case. The overall
architecture in Figure 5 shows the hybrid approach that keeps
the CLIP encoder frozen while training a custom decoder
network to produce pixel-wise segmentation from CLIP’s
semantic features.

Our CLIP-based segmentation model processes images
through CLIP’s ViT-B/32 visual encoder to extract 512-
dimensional feature vectors. These image features are com-
pared with text embeddings representing each class (back-
ground, cat, dog) using cosine similarity. Both the image
features and similarity scores are fed to a trainable decoder net-
work that progressively upsamples them into a full-resolution
segmentation mask. This approach leverages CLIP’s pre-
trained visual-textual representations while adapting them for
dense prediction.

We initially experimented with simple, single prompts per
class ("this is the background", "this is a cat", "this is a dog").
While this approach achieved reasonable results (validation
Mean IoU: 0.6988), we found that using multiple complemen-
tary prompts per class improved performance slightly (valida-
tion Mean IoU: 0.7054). Following (Zhou et al., 2022), our
multiple-prompt approach uses three descriptions per class
that capture different aspects: general identity, distinctive
features, and overall shape.

e Background Prompts

— Background region with no pets
— The area surrounding
— Scenery, furniture, floors, or walls

e Cat Prompts

— A domestic cat with fur and whiskers
— A feline pet with pointed ears and a tail
— The complete shape and outline of a cat

e Dog Prompts

— A domestic dog with fur and a snout
— A canine pet with distinctive ears
— The complete shape and outline of a dog

For each class, we compute the average of normalised embed-
dings from these prompts to create a more robust representa-
tion, similar to the ensemble approach described by (Li et al.,
2022).

CLIP’s ViT-B/32 encoder produces global feature vectors
without inherent spatial information, creating a unique chal-
lenge for segmentation tasks. Unlike traditional CNNs de-
signed for dense prediction, CLIP lacks the spatial feature
maps that typically feed into segmentation decoders. Our
decoder architecture addresses this fundamental challenge
through a carefully designed reconstruction and upsampling
pathway. We begin by combining CLIP’s 512-dimensional
image features with the 3-dimensional class similarity scores
to create a rich 515-dimensional semantic representation that
captures both visual content and class relationships. This
combined representation is then projected into a 7xX7x512
feature map through a learned upscaling operation, where
the 7x7 spatial dimension is not arbitrary but corresponds to
CLIP ViT-B/32’s effective receptive field when processing
224x224 images, as identified by (Amir et al., 2021). From
this initial feature map, we implemented a progressive upsam-
pling strategy through a series of transposed convolutional
blocks that systematically increase spatial resolution while
decreasing channel depth: from 7xX7x512— 14x14x256—
28%28%x128— 56X56x64— 112x112X%32—224%224%3, the
original image size. Throughout this upsampling chain, each
block incorporates batch normalisation and ReL.U activation
(Ioffe & Szegedy, 2015; He et al., 2015) to maintain stable
training dynamics. The relatively high initial channel count
preserves CLIP’s rich semantic information during the early
upsampling stages, while later stages gradually reduce dimen-
sionality as spatial resolution increases. This architecture
effectively bridges the semantic-rich but spatially-poor CLIP
features to the dense spatial predictions required for segmen-
tation, following principles established by (Xu et al., 2022)
for adapting transformer features to dense prediction tasks.



4. Results and Analysis

For each model architecture, we ran each experiment for
either 20 or 50 epochs and saved the checkpoint with the
lowest validation loss. We fixed the seed for numpy, random,
and torch to ensure reproducibility and fairness across the
runs for each model.

Throughout training, we monitored the pixel-wise accuracy,
IoU (Intersection over Union) score, and Dice score on the
validation set for each class. Mean IoU is used as the pri-
mary evaluation metric due to its effectiveness in capturing
segmentation quality for imbalanced classes (Csurka et al.,
2013).

4.1. UNet

UNet models were trained for 50 epochs using the Adam op-
timiser with an initial learning rate of le-4, chosen for its
faster convergence in deep convolutional networks compared
to traditional SGD (Kingma & Ba, 2017). We implemented
a learning rate scheduler that reduced the rate by a factor of
0.1 when validation performance plateaued for 5 consecutive
epochs, following best practices for training deep networks
(Smith, 2017). We used a batch size of 16 to balance between
computational efficiency and optimisation stability, noting
that excessively large batch sizes can negatively impact gen-
eralisation (Keskar et al., 2016).

To address the class imbalance in our dataset described in
§2.2, we hypothesised that a weighted loss function might im-
prove segmentation performance. There were approximately
2.1 times more dog instances that cat instances in the dataset,
leading us to implement a weighted cross-entropy loss that
applied a weight of 2.1 to the cat class while maintaining de-
fault weights of 1.0 for dog and background classes, following
approaches suggested for handling class imbalance (Sudre
et al., 2017). However, as shown in Table 1, our experiments
revealed that data augmentation has a more substantial impact
on addressing class imbalance that the weighted loss function.
The augmented models consistently outperformed the unaug-
mented models across all metrics. This suggests that diverse
training examples through augmentations were more effec-
tive in helping the model learn under-represented classes than
explicitly weighting the loss function, as the augmentation
strategy likely helped the model develop more robust features
for identifying cats despite their lower representation in the
original dataset.

Table 1. Validation performance comparison for UNet models

Run Pixel ToU Dice

Acc | BG Cat Dog Mean| BG Cat Dog Mean
Unaug 0.926 | 0.940 0.656 0.770 0.789 | 0.969 0.792 0.870 0.877
Aug 0.949 | 0.952 0.788 0.831 0.857 | 0.976 0.882 0.908 0.922

0.945]0.948 0.778 0.819 0.848 | 0.973 0.875 0.900 0.916

Aug+Weighted

4.2. Autoencoder

In all of our experiment results with autoencoder-based seg-
mentation, we trained the autoencoder for 20 epochs, froze
its parameters, and used its features to train the segmentation
decoder for another 20 epochs. For both training steps, Adam
optimiser is employed with a learning rate of le-3. We ex-
perimented with longer training for 50 epochs and a smaller
learning rate of le-4 but results did not improve.

We observed that even when trained on a diverse set of aug-

mented images as described in §2.3, the segmentation model
trained with autoencoder features showed a great disparity
in performance between cat and dog images, indicated by
the class-wise IoU and DICE scores. To further mitigate this
imbalance, we explored two approaches: (1) Biased augmen-
tation: augment 4 examples for each cat image and 2 for each
dog image, and (2) Weighted loss: apply a weight of 2.1 to
the Cat class in the loss function of the segmentation decoder.

The results in Table 2 indicate that the autoencoder-based
segmentation model is highly sensitive to the class imbal-
ance. Both the default augmentation and biased augmentation
strategies alone failed to handle the class imbalance. Using
a class-weighted loss function, we were able to mitigate the
performance gap between the cat and dog classes but not com-
pletely. Overall, the autoencoder-based segmentation model
with the default augmentation described in §2.3 combined
with class-weighted loss led to the best results.

Table 2. Validation performance comparison for Autoencoder mod-
els (Aug: default augmentation, Biased Aug: augment more cats
than dogs, Weighted: apply weight to Cat class).

Run Pixel IoU Dice

Acc | BG Cat Dog Mean| BG Cat Dog Mean
Aug 0.832]0.865 0.328 0.550 0.581 |0.928 0.494 0.709 0.711
Biased Aug 0.820 | 0.851 0.349 0.527 0.576 [ 0.920 0.517 0.690 0.709
Weighted 0.780 | 0.817 0.306 0.433 0.519 | 0.900 0.469 0.604 0.658

Aug+Weighted | 0.827 | 0.861 0.393 0.517 0.590 | 0.925 0.564 0.682 0.724

4.3. CLIP

For CLIP feature-based segmentation, we trained only the de-
coder network while keeping all CLIP parameters frozen, fol-
lowing the transfer learning approach recommended by (Ran-
ftl et al., 2021). This strategy preserves CLIP’s pre-trained
knowledge, reduces training time, and prevents overfitting
on our relatively small dataset. We used the Adam optimiser
with an initial learning rate of le-4, a weighted cross-entropy
loss with cat class weight of 2.1, and batch size of 16. The
model was trained for 20 epochs with a ReduceLROnPlateau
scheduler. Despite using the same initial learning rate as our
UNet implementation, we observed faster convergence with
the CLIP-based model, suggesting the pre-trained features
provide a more stable learning signal, a phenomenon also
noted by (Mensink et al., 2021).

Table 3 shows the performance of our CLIP-based segmenta-
tion approaches on the validation set using the simple prompt
and the multiple prompt approaches. The multiple prompt
strategy showed a slight improvement over the simple prompt
approach when trained for 20 epochs, particularly evident in
the ToU and DICE scores. However, extending training to
50 epochs resulted in slightly diminished performance. This
confirms our experimental observation that performance typ-
ical plateaued after 15 epochs with the generalisation gap
widening beyond this point as the model began to overfit to
the training data. These results demonstrate that despite CLIP
not being originally designed for dense prediction tasks, its
pre-trained visual-textual representations can be effectively
adapted for semantic segmentation through our decoder ar-
chitecture. The performance stability across different prompt
strategies further suggests that CLIP’s robust feature repre-
sentations provide a solid foundation for transfer learning in
segmentation applications.



Table 3. Validation performance comparison for CLIP models

IoU Dice
BG Cat Dog Mean| BG Cat Dog Mean

0.800 0.665 0.653 0.699 |0.889 0.799 0.790 0.821
0.798 0.665 0.653 0.701 | 0.888 0.799 0.790 0.826
0.797 0.662 0.651 0.697 | 0.887 0.797 0.789 0.820

Prompts Pixel
Acce

0.850
0.850
0.849

Simple
Multi 20 epoch
Multi 50 epoch

4.4. Best Models

Having selected the best UNet, autoencoder, and CLIP mod-
els based on the validation set, we report their performance
on the held-out test set in Table 4. The autoencoder-based
segmentation model fails to handle the class imbalance and
performs worst overall, likely because the latent represen-
tation in the autoencoder has insufficient dimensionality to
capture complex patterns in the image.

Using CLIP features to train the segmentation decoder im-
proved the mean IoU and DICE scores by over 10% compared
to the autoencoder’s features. Moreover, the performance gap
between cat and dog segmentation was significantly reduced.
This result demonstrates the benefits of using features from
a pretrained model over a model trained from scratch. How-
ever, CLIP was not able to outperform UNet as CLIP remains
optimised for classification rather than dense prediction tasks.
UNet performed best overall on the test set, significantly
outperforming CLIP and autoencoder. UNet’s strong perfor-
mance can be attributed to its architectural advantages: skip
connections effectively preserve spatial information through-
out the encoding-decoding process, allowing for precise
boundary delineation, while multi-scale feature extraction
enables the model to capture both low-level details and high-
level semantic information. The model also shows balanced
performance across all classes. UNet’s segmentation specific
architecture with its symmetrical encoder-decoder structure
and preservation of spatial information at multiple resolutions
enables it to achieve significantly better results. Hence, we
used UNet as the base architecture to construct the prompt-
based segmentation models in §5.

Table 4. Test performance comparison of the best of each segmenta-
tion model. BG represents background class.

Model | Pixel IoU Dice

Acc | BG Cat Dog Mean| BG Cat Dog Mean
UNet 0.949 [ 0.954 0.771 0.838 0.854 | 0.976 0.870 0.912 0.920
AutoEnc | 0.838 | 0.870 0.341 0.562 0.591 | 0.931 0.509 0.720 0.720
CLIP 0.856 | 0.798 0.665 0.653 0.705 | 0.888 0.799 0.790 0.826

5. Prompt-based Models

Inspired by prompting techniques in LLMs, (Kirillov et al.,
2023) proposed promptable segmentation models which en-
able real-time capabilities. The prompt can be a point, a
bounding box, or free-form text which provides additional
guidance to the model for the segmentation task. Given that
our best model from §4 is UNet, we extended the model ar-
chitecture to incorporate point prompts and free-form text
prompts as auxiliary inputs. For both prompt-based ap-
proaches, we trained the model for 20 epochs and saved the
checkpoint with the lowest validation loss.

5.1. Point Prompt

The point-based model allows the user to select any points
on the image as additional input for the segmentation model.
In our implementation, we used foreground and background

points to help the model distinguish between cat/dog pixels
and background pixels. First, we randomly sampled one or
more foreground (cat/dog) points and background points, ex-
cluding points on the white outline. These points are used
to create normalised Gaussian foreground and background
heatmaps with the same dimensions as the image. As illus-
trated in Figure 2, the foreground and background heatmaps
are concatenated and processed by a point encoder, starting
from a 224x224%2 combined heatmap and resulting in a
14x14x128 heatmap encoding, which is then concatenated
with the image features at the bottleneck layer.

During training, we sampled one foreground point and one
background point for each image. For evaluation, we com-
pared using 1, 5, and 10 foreground and background points
for each image in the test set. As shown in Table 5, using
one foreground and background point worsened segmentation
performance, as a single point prompt introduces ambiguity
to the model (Kirillov et al., 2023). However, using 5 and
10 foreground and background points outperformed the best
UNet model, which indicate that point prompts are useful for
segmentation when sufficient points are provided.

Table 5. Test performance comparison for point-prompted models

Points | Pixel IoU Dice

Acc | BG Cat Dog Mean| BG Cat Dog Mean
1 0.945|0.953 0.736 0.829 0.839 [0.976 0.848 0.907 0.910
5 0.955|0.967 0.762 0.850 0.859 [ 0.983 0.865 0.919 0.922
10 0.960 | 0.975 0.775 0.859 0.870 | 0.987 0.873 0.924 0.928

Figure 6 illustrates how the model more accurately distin-
guishes between the dog and the background when provided
with 5 foreground and background points compared to when
given only one point of each type. Aside from the number of
points, their locations should be considered as point prompts
in ambiguous regions are more challenging for the model.

|

Predicted Mask

Original Image

Original Image Predicted Mask

Figure 6. Impact of using 1 versus 5 foreground (red) and back-
ground (blue) points in the point-based segmentation model

5.2. Text Prompt

In addition to the point-based segmentation model, we ex-
plored incorporating a free-form text prompt into our best
UNet model. At inference time, the user can provide a text



to guide the segmentation task. To add the text prompt to the
model, we closely followed the approach in (Kirillov et al.,
2023). Text prompts are converted into embeddings using
the text encoder from CLIP, and cross-attention is applied
between the image features and the text embeddings at the
bottleneck layer as shown in Figure 7.
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Figure 7. UNet with CLIP Text Encoder Architecture Diagram

During training, we determined the main class of each image
based on pixel count per class, then randomly sampled from
a list of short text prompts for that class as follows:

e Background prompts: ["the background", "background

region with no pets", "the area surrounding", "scenery,
furniture, floors, or walls", "The backdrop of the image."]

e Cat prompts: ["a cat", "a domestic cat with fur and
whiskers", "a feline pet with pointed ears and a tail",
"the complete shape and outline of a cat", "A cat staring

non

at the camera.", "the quiet cat"]

non

e Dog prompts: ["a dog", "a domestic dog with fur and a
snout", "a canine pet with distinctive ears", "the complete
shape and outline of a dog", "A dog sitting.", "the furry

dog"]

At test time, we evaluated the model using a different set
of text prompts to ensure that it can generalise to unseen
prompts and images. We compared the text-prompted model
trained with and without class weighting in the loss function
and recorded the results in Table 6. The results revealed
that as with the base UNet model, the text-prompted model
is able to handle the class imbalance without the need for
class weighting. Furthermore, the best text-prompted model
outperformed the best UNet model by 1.7% in mean IoU
and 1.0% in mean Dice, indicating that providing a relevant
prompt is helpful for the segmentation model.

non

Table 6. Test performance comparison for text-prompted models
Model ‘ Pixel ToU

Dice

Acc | BG Cat Dog Mean| BG Cat Dog Mean
Base 0.95410.955 0.800 0.858 0.871 | 0.977 0.889 0.924 0.930
Weighted | 0.933 | 0.941 0.717 0.788 0.816 | 0.970 0.835 0.882 0.896

We performed more extensive testing with different text
prompts using a dog image as input and illustrated our find-
ings in Figure 8. When no text prompt is given (8b), the
model generally predicts the dog pixels (green) in the image
correctly but with some incorrect cat pixels (red). Providing a
consistent text prompt (8c) improves the segmentation mask
as the model no longer predicts the incorrect cat pixels. How-
ever, a misleading prompt (8d) greatly confuses the model and
causes it to incorrectly predict mostly cat pixels. This aligns
with the recent literature which states that when the image and
text inputs are inconsistent, vision-language models tend to
strongly prefer the textual input even if it is factually incorrect
(Deng et al., 2025).

Input Image Prompt: (Empty)

(a) Input Image

Prompt: a dog looking at the camera

(b) No text prompt

Prompt: a cat looking at the camera

(c) Consistent text prompt (d) Inconsistent text prompt

Figure 8. Impact of varying input texts in the text-prompted model

6. Robustness Testing

As shown in Figure 9, we systematically evaluated our best-
performing model, UNet, against eight distinct image per-
turbations at varying intensity levels. This allows us to as-
sess the model’s resilience to different types of image cor-
ruption that might occur in real-world scenarios. Figure 12
provides a ranking of perturbation impacts on segmentation
performance (blue bars), and Figure 10 shows the results
for each. Salt & pepper noise emerged as the most destruc-
tive perturbation, causing a 44.3% decrease in Dice score.
This is followed closely by contrast decrease with a 38.6%
reduction. The severe impact of salt & pepper noise can
be attributed to how it introduces sharp, isolated artifacts
that disrupt true object boundaries and create false edges.
These random high-contrast pixels particularly challenge the
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Figure 9. Image perturbation types at maximum intensity (level 9)
compared to the original image

model’s ability to maintain coherent segmentation boundaries.
Other perturbations had significantly less impact on model
performance. Gaussian blur, brightness decrease, and Gaus-
sian noise showed moderate effects (4.0%, 3.6%, and 2.5%
decreases respectively). Occlusion and contrast increase had
minimal impact (0.5% and 0.1% decreases), while brightness
increase actually improved performance slightly by 0.11%.
Figure 11 demonstrates the progressive impact of salt and pep-
per noise on segmentation quality. At low noise levels (Level
0), the model maintains relatively accurate segmentation with
the cat’s silhouette largely preserved, though with some mis-
classification in the lower body. As intensity increases to
Level 3 and Level 6, we observed increased misclassification
where cat pixels (red) are incorrectly classified as dog pixels
(green). The model struggles to maintain the coherent shape
of the cat, with the lower body and tail regions most severely
affected by class confusion. At the maximum intensity (Level
9), the lower half of the cat is almost completely unrecognis-
able to the model and is misclassified as background, with
only portions of the upper body still correctly identified. This
dramatic degradation occurs because salt and pepper noise
introduces random high-contrast pixels that disrupt the texture
and edge patterns the model relies on for class discrimination.
Unlike Gaussian noise, which affects images more uniformly,
salt and pepper noise creates sharp artifacts that interfere
with the distinctive visual features that separate cat and dog
classes, explaining why this perturbation type proved most
challenging for our segmentation model.

Decreasing contrast was the second most impactful perturba-
tion. This suggests that the model heavily relies on contrast
differences to distinguish object boundaries. Conversely, con-
trast increase had almost no effect (0.1% decrease), indicating
the model maintains performance when contrast is enhanced.
Brightness modifications showed asymmetric effects: bright-
ness decrease caused moderate performance degradation
(3.6% decrease), while brightness increase actually improved
performance slightly. This asymmetry suggests the model
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Figure 10. Impact of various image perturbations on segmentation
performance. Each plot shows the Mean Dice Score as a function of
perturbation intensity

may have been optimised slightly toward brighter images dur-
ing training. Occlusion testing revealed strong robustness
with only a minimal performance decline of 0.5%, suggesting
the model effectively infers missing parts based on surround-
ing context, a valuable property for real-world applications
where objects are often partially hidden.

The clear vulnerabilities to salt & pepper noise and contrast
decrease highlight areas requiring preprocessing attention
in real-world applications. Implementing noise filtering or
contrast normalisation would significantly improve robustness.
The model’s resilience to brightness variations, occlusion,
Gaussian perturbations, and contrast increases demonstrates
successful data augmentation during training.

To further investigate the impact of our data augmentation
strategy, we compared the robustness of models trained with
and without augmentation across all perturbation types. As
shown in Figure 12, data augmentation significantly improved
model resilience for a lot of the perturbation types, with the
largest improvement being for contrast decrease. An excep-
tion was salt & pepper noise, where both models struggled
considerably, with the augmented model showing higher sen-
sitivity. Even though our model was not explicitly trained
on any of the tested perturbations, the varied augmentations
implemented (rotations, flips, elastic deformations, and colour
jitters) improved resilience to most perturbations while unex-
pectedly increasing sensitivity to salt & pepper noise. This
suggests that augmentation strategies create indirect robust-



Level 0

Figure 11. Impact of varying levels of salt and pepper noise pertur-
bation on model predictions.

ness benefits through feature generalisation, but may also
introduce specific vulnerabilities through optimisation trade-
offs.

These results confirm that our augmentation strategy effec-
tively enhanced model robustness against most real-world
image corruptions, particularly for high-frequency noise pat-
terns that are most disruptive to segmentation quality.

7. Conclusions

Our comprehensive exploration of image segmentation tech-
niques on the Oxford-IIIT Pet Dataset has yielded several
important findings. The UNet architecture consistently outper-
formed other approaches, achieving a mean IoU of 0.854 and a
Dice score of 0.920 on the test set. This superior performance
can be attributed to its skip connections that effectively pre-
serve spatial information throughout the encoding-decoding
process, allowing for precise boundary delineation and ro-
bust multi-scale feature extraction. While the CLIP-based
approach demonstrated the potential of leveraging pre-trained
visual-textual representations for segmentation, achieving a
mean IoU of 0.705, it could not match UNet’s performance
due to CLIP’s optimisation for classification rather than dense
prediction tasks. The autoencoder-based segmentation model
performed notably worse, with a mean IoU of 0.591 and high
discrepancy in performance between Cat and Dog classes,
suggesting that the latent representation lacked sufficient di-
mensionality to capture complex spatial patterns necessary
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Figure 12. Impact of data augmentation on model robustness.

for accurate segmentation.

Extending the best UNet model to use additional foreground
and background points or a free-form text prompt improves
segmentation performance and allows for interactive use cases.
The best point-based and text-prompted models achieved a
mean IoU of 0.870 and 0.871, respectively. However, it is im-
portant to consider the number and locations of point prompts
in the point-based model, as well as the consistency of the
input text in the text-prompted model, as inconsistent prompts
can introduce ambiguity and confusion to the model.

Our robustness analysis revealed that salt & pepper noise
posed the greatest challenge to our best model, causing a
44.3% decrease in Dice score at maximum intensity, fol-
lowed by contrast decrease with a 38.6% reduction. This
indicates that the model heavily relies on edge patterns and
contrast differences for segmentation. Conversely, the model
demonstrated remarkable resilience to brightness variations,
occlusion, and Gaussian perturbations, with minimal perfor-
mance degradation. Data augmentation proved crucial for
model performance and robustness, significantly improving
resilience against most perturbation types, particularly for
high-frequency noise patterns.

Future work could leverage salt & pepper and contrast de-
crease as additional data augmentation methods, since the
model was most vulnerable to these perturbations. In addi-
tion, we could explore more complex augmentation methods
which have proven to be effective for image segmentation such
as Copy-Paste (Ghiasi et al., 2021) and Cutmix (Yun et al.,
2019). To further improve autoencoder-based segmentation,
future experiments could investigate adding skip connections
to the autoencoder to increase the sharpness of the recon-
structed images according to (Collin & De Vleeschouwer,
2021). Given sufficient computational resources, we could
explore using larger variants of CLIP or greater feature dimen-
sions in UNet and the autoencoder to have increased model
capacity. Dropout could also be applied as additional regulari-
sation to the networks, however we did not prioritise applying
this technique as batch normalisation can remove the need
for Dropout in certain cases (Ioffe & Szegedy, 2015). For
prompt-based segmentation, evaluating other prompts such
as scribbles and bounding boxes, along with combinations of
multiple prompts, could further enable interactive capabilities
and potentially enhance segmentation performance (Kirillov
et al., 2023).
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A. Statement of Contribution
Table 7. Task Distribution

Task s1707068 $2737499
Data augmentation X X

UNet X

Autoencoder X
CLIP-based X

Prompt-based X
Text-prompt X
Evaluation X X
Robustness analysis X
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