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Figure 5: Examples of the bounding box annotations highlighting distinctive visual features.

For WikiChurches-6 and WikiChurches-4, we provide canon-
ical training/validation/test splits. The test split includes about
25% of the churches from each class but at least 100 and at
most 500. The validation split is balanced and includes 50
churches from each class. All remaining images are used for
the training split. We do not provide canonical splits for the
other two subsets since we cannot anticipate the specific needs
of the research questions for whose study they could be used.

Table 2: Bounding box statistics.

Style Images Boxes
Romanesque 54 235
Gothic 49 290
Renaissance 22 93
Baroque 17 31

3.6 Bounding Box Annotations of Characteristic Structures

WikiChurches provides 631 bounding box annotations of dis-
tinctive visual features for 139 selected images from the four
categories in WikiChurches-4. Per-class statistics can be found
in Table 2. On average, there are 4.5 bounding boxes per an-
notated image. The highest number of bounding boxes on a
single image is 10 and obtained by three images.

Bounding boxes can also be organized in groups to indicate
that they form a larger structure. While most of the 566 groups
in the dataset contain only a single bounding box, 11% are
actual groups. No group has more than three elements.

Figure 5 shows two examples of annotated images from the

Table 3: Most frequent box labels.

Bounding Box Label Boxes
Tracery 53
Round Arch Window 41
Pointed Arch Window 37
Buttress 31
Pinnacle 28
Lombard Band 25
Pilaster 20

dataset. The labels of the annotated architectural structures can be quite detailed, such as “coupled
twin window with discharging arch”, and are hierarchically organized. The aforementioned label,
for example, would be a hyponym of both “coupled twin window” and “discharging arch”. Table 3
shows a list of the most frequently annotated architectural elements.

The size of the annotated structures in relation to the entire building varies widely. Some impor-
tant structures are particularly small, such as quatrefoils, fleurons, and pinnacles, which requires

processing the images at a high resolution.



3.7 Label Noise

As opposed to the bounding boxes provided by the domain expert, the style labels in the WikiChurches
dataset have been contributed by the Wikipedia community and can hence be expected to be more
noisy. To quantify the label noise in the dataset, we asked an expert to inspect a random subset of 200
single-label images from WikiChurches and check the correctness of their labels. Labels could be
denoted as either correct, partially correct, or wrong. A label is considered partially correct if the
image exhibits not only the labeled style but also other prominent styles. Additionally, the expert
could denote an image as uninformative if it did not show enough details of the church to determine
its architectural style. Images that received this verdict typically show only parts of the building, e.g.,
a tower, or a side of the building that does not exhibit enough characteristic features.

93.5% of the inspected images were at least partially correct (86.1% were completely correct), 4.0%
were incorrectly labeled and 2.5% were uninformative. Label noise hence is in fact an issue with this
dataset as with any web-sourced dataset. However, the amount of noise is within a reasonable range
that can also occur in practice for data as difficult to annotate as architectural styles. Just checking
the correctness of a given label took our domain expert two minutes per image on average.

3.8 Biases

By design, the WikiChurches dataset only covers European architecture and, in particular, the
architecture of churches. It is mainly intended to be used as an interesting benchmark for computer
vision methods and not as a representative and comprehensive source of training data for architectural
style classifiers. While the latter might work well for common styles in Europe, it will not generalize
to other cultures and maybe not even to buildings different from churches. In the worst case, a too
strong focus on techniques for WikiChurches bears the risk of marginalizing other cultures.

Besides the intended cultural and geographical bias towards Europe, the geographical distribution
of churches within Europe is highly imbalanced as well. As shown in Fig. [6] half of all churches
in the dataset are from Germany and France (38% from Germany, 11% from France). Two thirds
of the dataset concentrate on as few as four countries: Germany, France, the UK, and Spain. This
distribution is not representative of the actual distribution of church buildings across Europe but most
likely correlated with the size and level of activity of the local Wikipedia communities and their
propensity to enter information in Wikidata.

Similarly, the distribution of styles in the dataset (see Fig. is not representative of reality either.
That Gothic and Romanesque architecture account for the largest portion of the dataset does not imply
that they are the most common styles of churches in Europe but simply popular among photographers.
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Figure 6: Heatmap showing the geographical distribution of churches in WikiChurches per country.
Note that colors are scaled on a log-scale. Exact numbers are provided for the top 20 countries.



4 Classification Baseline
We conduct a simple baseline experiment on the WikiChurches-6 subset for assessing its difficulty.

4.1 Setup

We use a ResNet-50 architecture [23]] for our baseline classifier, pre-trained on ImageNet-1k [24]
and fine-tuned for 80 epochs using SGD with a cosine annealing learning rate schedule [25]]. The
initial learning rate and the weight decay factor are optimized on the training and validation split
using Asynchronous Hyperband with Successive Halving [31]]. The final classifier is then trained on
the combined training and validation split and evaluated on the test split. The used hyper-parameters
can be found in the appendix.

Regarding data augmentation, we extract a random crop from the original image, whose area accounts
for between 40% and 100% of the image and whose aspect ratio is sampled from the interval [%, %]
This crop is then resized to 224 x 224 pixels and flipped horizontally in 50% of the cases. During
inference, we resize the image so that its smaller side is 224 pixels and extract a square center crop.

We furthermore investigate two variants of the basic setup: First, we account for the highly imbalanced
distribution of training classes by randomly sub-sampling the training dataset. For each epoch, a
subset of samples is drawn from each class without replacement, whose size matches that of the
smallest class. Second, we double the input resolution from 224 x 224 to 448 x 448 pixels.

In addition to this baseline, we evaluate fine-tuning of a TResNet-M architecture pre-trained on the
larger and more diverse ImageNet-21k dataset using a semantic multi-label training scheme based on
the WordNet hierarchy of classes [26]. This technique is the current state of the art on the Stanford
Cars dataset [27]], according to Papers With Codzﬂ Stanford Cars comprises images of different car
models and is similar to WikiChurches in the regard that it is small-scale, fine-grained, and its topic
should be well covered by ImageNet. Fine-tuning this pre-trained network can hence be expected to
provide good performance on WikiChurches as well.

Since the classes are not uniformly distributed in the test split of WikiChurches-6, we measure the
classification performance in terms of balanced accuracy, i.e., the average of all per-class accuracies.
We repeat each experiment 10 times and report the average accuracy along with its standard deviation.

4.2 Results

Balanced accuracies and confusion matrices resulting from our experiments are shown in Fig.[7] The
low-resolution baseline fine-tuned from ImageNet-1k pre-training with imbalanced classes achieves
an accuracy of 60.2%, which is much better than a constant prediction (which would achieve 16.7%)
but still rather poor for a six-class problem. Sub-sampling the classes during training to a uniform
distribution leads to a substantial drop of accuracy by 11 percent points for the majority class but
improves the accuracy for all other classes, resulting in an overall improvement of 1.5 percent points.

Additionally doubling the input resolution increases the accuracy further by 4.2 percent points. Most
of all, the higher resolution facilitates recognizing Renaissance architecture (35% improvement) and
distinguishing Gothic from Romanesque architecture, whose direct successor it is (11% improvement).

Interestingly, Modern architecture is most accurately recognized, even though up to seven times more
training data is available for other classes such as Gothic. Despite the high variance of shapes of
modern buildings, this class might be easily recognized because it is most different from all others.
Gothic, Romanesque, and Baroque architecture obtain reasonable accuracies most likely because a
large amount of images is available for these classes. Renaissance is the most difficult category, not
only because it comprises the smallest amount of training images but also because it exhibits similar
visual features as Baroque architecture, just not as exaggerated and ornamented. Thus, as much as
36% of images from this class are erroneously classified as Baroque.

The TResNet-M pre-trained on the larger and more diverse ImageNet-21k mainly improves the per-
formance on this most difficult class, resulting in a total balanced accuracy of 69.5%, an improvement
of 3.6 percent points over the ImageNet-1k pre-training. The increase is similar for lower-resolution

"https://paperswithcode.com/sota/fine-grained-image-classification-on-stanford?p=
imagenet-21k-pretraining-for-the-masses, retrieved: October 17", 2021.
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Figure 7: Confusion matrices for four variants of our baseline classifier on WikiChurches-6. Sub-
figure captions specify the pre-training dataset (ImageNet-1k or ImageNet-21k), whether classes
were balanced (bal.) during training or not (imb.), and the input image resolution. Classes are sorted
by decreasing number of samples. Accuracy is measured as mean balanced accuracy over 10 runs.
The confusion matrices show the performance of the best model among all runs.

input images (4.8 percent points) but less pronounced for training with imbalanced classes (1.4
percent points). This approach still misclassifies over one third of the images for half of the classes in
WikiChurches-6, emphasizing the difficulty of architectural style classification.

5 Related Work

There are a few other datasets for architectural style classification. Most related to our data collection
approach is that of Xu et al. [28], who also obtain images from Wikimedia Commons. Instead
of using Wikidata as a source for labels, they download all images from a pre-defined set of 25
Wikimedia Commons categories corresponding to architectural styles. Nested categories allow them
to obtain a class hierarchy as well. In contrast to them, our WikiChurches dataset provides twice as
many images and furthermore bounding box annotations for characteristic architectural elements.

The Architectural Heritage Elements image dataset (AHE) [29] focuses exclusively on such distinctive
structures and comprises 10,235 images from 10 categories of architectural style elements such as
domes, columns, gargoyles etc. However, AHE does not contain images of entire buildings and no
labels of architectural style, which makes it unsuitable for architectural style recognition.

The only other dataset besides ours that combines both types of annotations is MonuMAI [30]]. All
1,500 images in this dataset are annotated with both their dominant architectural style and bounding
boxes around distinctive elements. Architectural styles are limited to four categories and bounding
box labels to 15 key elements. With 6,600 bounding boxes in total, the number of such annotations is
ten times higher than in WikiChurches. Our dataset, in contrast, provides six times more images and
covers much more architectural styles. With 92 unique bounding box labels, we furthermore provide
a larger variety of architectural elements than the 15 categories in MonuMAL

6 Conclusions

We presented the WikiChurches dataset for architectural style classification, consisting of images
of churches from Wikimedia Commons and hierarchical style labels from Wikidata. In addition to
these community-provided labels, we provide complex bounding box annotations for characteristic
visual features for four selected styles. The dataset poses many real-world challenges such as
an imbalanced class distribution, fine-grained and subtle distinctions between classes, small but
important visual features, a small sample size, and a hierarchical organization of labels. Baseline
classification experiments demonstrate the difficulty of the task, achieving a non-trivial but still highly
unsatisfactory accuracy of 69.5% with as few as six classes. We hope that WikiChurches with its
various interesting properties will be of use for a broad range of research areas.
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