
2023 IEEE/ACM International Conference on Advances in Social Networks Analysis and Mining (ASONAM)

Photozilla: An Image Dataset of Photography Styles
and its Application to Visual Embedding and Style

Detection
Trisha Singhal, Junhua Liu, Wenchuan Mu, Lucienne T. M. Blessing and Kwan Hui Lim

Singapore University of Technology and Design
{trisha singhal, junhua liu wenchuan mu, lucienne blessing, kwanhui lim}@sutd.edu.sg

Abstract—The widespread sharing of digital photography and
images have led to the rapid development of various vision-
related applications, such as photography style detection. To-
wards this effort, we introduce a photography style dataset
termed Photozilla, which comprises over 990k images belonging
to 10 different photographic styles. We used Photozilla to train
3 classification models for categorizing images into the relevant
style and achieve an accuracy of ∼96%. To better detect new
photography styles that are constantly emerging, we also present
a Siamese-based network that uses the trained classification
models as the base architecture to adapt and classify unseen
styles with only 25 training samples. Experiment results show
an accuracy of over 68% in terms of identifying 10 additional
distinct categories of photography styles. This dataset can be
found at https://trisha025.github.io/Photozilla/.

Index Terms—Image Recognition, Visual Embedding, Image
Classification, Neural Networks

I. INTRODUCTION

The popularity of social media and photo-sharing platforms,
such as Instagram and Flickr, have contributed to an abundance
and variety of digital photography. For instance, more than
50B photos have been uploaded to these platforms and the
upload is at a rate of 995 photos every second [1]. This large
trove of imagery data and its rapid proliferation have facilitated
numerous computer vision applications. As photography is
evolving with new styles being rapidly introduced, any model
needs to be able to rapidly adapt to identify these new styles.
Conventional deep learning models are effective in image de-
tection but require a large amount of training data to achieve a
high level of accuracy. To overcome this issue, we utilize few-
shot learning techniques to better enable our models to rapidly
adapt to new photography styles with only a few samples of
the new style. More specifically, we implemented few shot
learning using a Siamese network where our classification
models are used as base architecture to quickly adapt to new
styles with only 25 training samples.

In this paper, we make the following contributions:1

1) We curated and share a large-scale photography dataset,
denoted Photozilla, comprising over 990k images com-
prising 10 different photography styles, with 10 addi-
tional photography styles with 25 images per class for
few shot learning applications.

2) For image style detection, we implemented three state-
of-the-art image classification models and experimental
results show an accuracy of ∼96% in terms of the
classification of these 10 photography styles.

3) For new style detection, we combined the previous pre-
trained model in a Siamese network, and demonstrated
how it is able to classify new photography styles even
with a low number of samples. Experimental results
show an accuracy of ∼68% for this task.

II. RELATED WORKS

Photography Datasets. There are various photography
related datasets, such as the Aesthetic Visual Analysis (AVA)
dataset [3], comprising ∼250k+ images along with aesthetic
scores and labels for 14 photographic styles based on light,
color, and composition. Karayev et al. [4] shared two datasets,
namely a dataset of 80k photographs from Flickr with corre-
sponding style annotation for each image, and another dataset
of 85k paintings with 25 styles/genre annotation. One objective
of these works is to highlight the role image style plays in
the age of digital photo overload. In addition to differing in
terms of the photography styles in the dataset, our Photozilla
dataset is larger in scale with close to 1M images covering
20 photography styles. There are also datasets covering other
different genres, such as painting styles [5], food photography
[6] scenery photography [7], aerial images [8], and street-level
images [9].

Image Classification. ImageNet [10], comprising 14M+
annotated images with 20k+ object categories, is one of the
first large-scale image datasets tasks, alongside others like
the COCO dataset [11] with 328K images of 2.5M labeled
instances of 80 common objects. Various models were devel-
oped and trained on these datasets, such as the 152−layered
network, Residual Network (ResNet) [12] which introduced

1This work was previously presented as a poster in a workshop with no
formal proceedings [2].
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Fig. 1: Samples images from 10 classes of Photozilla dataset

the novel idea of skip connections to address the vanishing
gradients problem. Another popular variant is DenseNet [13]
where the concept of extra connections was introduced to
resolve the same problem. All the layers with identical feature-
maps in the network are directly interconnected with each
other so that maximum information flow will take place. In
our work, we build upon various other competitive models,
such as Wide ResNet [14], ResNext [15], and EfficientNet
[16], which we discuss further in Section IV-A.

Classification Similarity Learning. Similarity-based clas-
sification takes as input a pair of images and predicts a
similarity score for that image pair, instead of classifying an
image directly to a specific target class. For this purpose,
Siamese Neural Networks [17] were introduced to train a
network to learn these similarity scores. In our work, we also
utilise the idea of Siamese Neural Networks for the task of new
style detection using few images of the new photography style.
We discuss more about this method later in Section IV-B1.
Siamese networks can be further used to perform low-shot
learning in which a limited number of samples are used to
train the model. Some examples are zero-shot [18], one-shot
[19], and few-shot learning (FSL) in which zero, one, and a
few training samples are provided respectively. Similarly, more
details are subsequently provided in Section IV-B.

III. DATASET COLLECTION

To curate our dataset, we used the Flickr API [20] to collect
a large-scale image dataset from Flickr comprising images
belonging to 10 photography styles. The images of specific
styles were collected using tags corresponding the the name of
the various photography styles. For example, to collect images
in travel photography, ‘travel’ was used as the specific tag.
Each class contains approximately ∼100k images. Figure 1
shows samples of each photography style.

To facilitate the task of few-shot new style detection, we
further expanded our dataset with 10 additional classes but
with a limited number of 25 images for each class. This
expanded dataset was then used for our evaluations of few-
shot learning of unseen photography classes.

IV. METHODOLOGY

A. Classification Models

We build upon three competitive classification models, i.e.
Wide ResNet [14], ResNext [15], and EfficientNet [16], for
training the baseline visual embeddings on the 10 classes with
a larger number of data points. We performed an empirical
experimentation and used identical hyper-parameters for all
classification models, which are using Stochastic Gradient
Descent as the optimizer, Cross Entropy Loss as the loss
function, learning rate of 0.01, and batch size of 64. The results
of the various classification models in terms of accuracy on
the curated dataset are shown in Table I.

1) Wide ResNet: Early research on neural networks ob-
served that performance would improve when more layers
were stacked up but this performance improvement appear to
stagnate after a certain point. Deep Residual Networks, such
as ResNet [12], were introduced to overcome this problem of
performance stagnation. These deeper neural networks were
able to achieve superior performance while being able to scale
up to thousands of layers. One of the main innovation in these
architectures is the utilisation of residual blocks, which can be
represented by the following equation:

xl+1 = xl + F(xl,Wl) (1)

Here, xl, Wl and xl+1 are the input, weights and the
output of the lth layer, respectively. F is the residual function
governed by the architecture of the residual block.

Although ResNet and its variants were able to achieve supe-
rior performances in comparison to its shallower counterparts,
these performance gains came at the cost of increased training
and inference times. Wide Residual Networks (WRNs) [14]
were then introduced to address this issue of lengthy training
and inference time. WRNs have a similar model architecture as
ResNet except for the increased number of feature maps and
shallower architecture. Zagoruyko et. al. have also explored
and noticed the benefits in increasing the width of the network
by a hyper-parameter k, instead of implementing a deeper
architecture.



Fig. 2: Proposed Siamese-based neural network architecture.

2) ResNeXt: In contrast to using a deeper and wider
architecture, ResNeXt [15] utilizes the idea of incorporating
higher cardinality, which is a new dimension that is aimed
at improving the performance of networks with less complex
architectures. The cardinality, C of a model can be defined
as the number of branches in a residual block to control more
complex transformations. Mathematically, these C transforma-
tions are formulated as follows:

F(xl,Wl) =

C∑
i=1

Ti(xl,Wl
i) (2)

Here, Ti is the transformation function for the branch i of
the residual block. The aggregated transformation is the sum
of all C branches. This aggregated transformation is then used
as the residual function similar to equation 1.

3) EfficientNet: EfficientNet [16] uses a novel scaling
method that considers three dimensions of a neural network,
namely its depth, width, and resolution. EfficientNet performs
compound scaling by combining the scaling of all three dimen-
sions to optimize for accuracy while satisfying the memory
and computational constraints. To reduce the design space,
all layers must be scaled uniformly with a constant ratio.
Let d, w and r be these constant ratios for depth, width and
resolution, respectively. Let N (d,w, r) be the resulting neural
network with these ratios. EfficientNet proposes the following
optimization function to find optimal d, w and r:

max
d,w,r

Accuracy(N (d,w, r))

Memory(N ) ≤ target memory

FLOPS(N ) ≤ target flops

(3)

B. Few-Shot Learning

Existing deep neural network architectures typically contain
billions of parameters. As a result, the training of such deep
neural network architectures requires a large training set,
which in turn is often challenging due to the efforts and
resources involved in data collection and annotation of the
ground truth. To address these limitations, few-shot learning
was developed as a class of techniques that allows a deep
neural network to learn with a smaller number of training
samples. In the context of this work, the domain of pho-
tography we study is a rapidly evolving industry. Numerous
styles of photography have evolved over time and continuously
evolve, thus it is infeasible to modify our base classification
model to adapt to a newer photography style. Instead, we use
the Siamese network architecture to quickly adapt our base
classification model to unseen classes of photography even
with the limitations of a low number of annotated training
samples.

1) Siamese Network: Siamese networks [17] are a class
of deep neural networks that contains two identical sub-
networks. Here, identical means that the sub-networks have
the same architecture, parameters, and weights. Traditionally,
classification networks learn to classify a training sample into
multiple classes. Siamese networks, however, learn a deep
similarity function that takes two different inputs and computes
whether the inputs belong to the same class or different
classes. The two identical sub-networks each take one input
and compute a deep feature embedding for that input. This
deep feature embedding is then used to compute a similarity
score to determine whether the two inputs are from the same
class or two different classes.

As mentioned in the previous section, we trained three
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Fig. 3: Clusters Visualization using t-SNE for: (a) Wide
ResNet; (b) ResNeXt; and (c) EfficientNet. Here, ’y’ repre-
sents the different photography styles.

popular and competitive classification models for categoriz-
ing the style of an image into one of the 10 photography
styles. We use the output of the last fully connected layer of
these base classification models and then stack 4 additional
fully connected layers to compute the 512-dimensional deep
feature embedding. Finally, we compute the similarity score
by computing the absolute difference between the two deep
feature embeddings from the Siamese network. Let I1 and
I2 be two images for which we measure the similarity score.
Let N (I) be the 512-dim visual feature embedding output for
image I . Then, we compute the similarity score P (I1, I2) as
follows.

P (I1, I2) = Softmax(Wout · |N (I1)−N (I2)|+Bout)

Where Wout ∈ R512×1 and Bout ∈ R1×1

(4)

Furthermore, we use the cross-entropy loss in our Siamese
network and a learning rate of 0.05 with SGD [21] as our
optimizer to train for 30 epochs with each class having only
25 training, validation, and test samples each. Figure 2 shows

an illustration of the proposed model architecture.

V. EXPERIMENTAL RESULTS

A. Classification Accuracy
As previously described in Section IV-A, we used 10

photography classes to evaluate the classification accuracy of
our dataset on 3 popular and competitive models (see Table
I). We used 70% of the dataset for training and the remaining
30% for testing. All three models achieve over 96% accuracy
on the test dataset. ResNeXt marginally outperforms the other
two with an accuracy of 96.35%.

TABLE I: Model Performance on Standard (Full Dataset) and
Few-shot Settings

Model Accuracy (%) Accuracy (%)
(Standard) (Few-shot)

Wide ResNet 96.23 64.17
ResNeXt 96.35 68.34

Efficient Net 95.71 56.25

B. 10-Way Few-Shot Evaluation Metric
We further extracted 75 images each for the 10 additional

photography style classes. These additional classes were used
for evaluating the performance of our proposed Siamese
network for few-shot learning of new photography styles. Out
of these 75 images, we used 25 images each for training,
validation, and testing respectively.

To evaluate the test dataset, we used the 10-way few-shot
evaluation metric. In this evaluation task, we take one image
Q belonging to class c as the query image, and randomly
pick 10 more images from each class. Let Ij be the randomly
picked image for jth class. For the pair of images Q and Ij ,
the Siamese network predicts a similarity probability P (Q, Ij),
which defines the similarity between two images. We run the
Siamese network for image Q and Ij∀j ∈ [1, 10] and select
the image with the highest P (Q, Ij). A prediction is said to
be correct if the following criterion is met:

c = argmaxj∈[1,10](P (Q, Ij)) (5)



Table I shows the results in terms of accuracy for the
10-way few-shot evaluation for various Siamese networks
with different base classification models. In summary, the
Siamese network with ResNeXt performs better than the other
two variants (68.34%). EfficientNet is a popular model for
image classification but surprisingly, EfficientNet only gives an
accuracy of 56.25%. The other two variants give an accuracy
score that is 8− 12% higher.

C. Qualitative Analysis of Visual Embedding for clustering

To further analyze the capability of our Siamese network to
classify unseen photography styles with only a few samples,
we use t-Distributed Stochastic Neighbor Embedding (t-SNE)
[22]. t-SNE is a non-linear and unsupervised dimensional-
ity reduction approach for visualizing high-dimensional data.
Intuitively, t-SNE allows one to visualize how the data is
arranged in the higher dimensional space. We use the 512-
dimension feature embedding output as an input to generate
the t-SNE transform. Figure 3 shows the t-SNE plots to
visualize the 512-dim visual embedding arranged in a 2-dim
space. Based on this, we can observe that the Siamese variant
of ResNeXt and Wide ResNet generate better clusters for
images of the same photography style. However, we do not
observe any distinct clusters for EfficientNet. This is also
evident in the performance comparison of Siamese networks
where ResNeXt and Wide ResNet perform comparatively
better than EfficientNet’s Siamese network.

VI. CONCLUSION

In this work, we curated and shared a large-scale dataset
termed Photozilla comprising over 990k images belonging to
10 photography styles. We then used this dataset for the task of
photography style detection and train 3 different classification
model architectures to automatically identify the photography
style. These models achieved a strong performance of over
96% accuracy on our testing dataset. Digital photography is
a rapidly evolving field, which requires that our models can
adapt quickly to identify new photography styles. To facilitate
this, we propose a novel Siamese network that learns from our
base classification networks. Our proposed Siamese network
achieves an accuracy of over 68% on identifying 10 new
photography styles with merely 25 training samples.

For future work, we can explore the use of more advanced
models, such as the Transformer architecture [23], which has
shown superior performance in a variety of domains from
Natural Language Processing [24], [25] to Recommendation
Systems [26], [27]. For our task, we can explore the use of
Vision Transformer [28] and its variants to replace the image
representation models in our Siamese-based architecture.
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