


with very high predicted probabilities of being non-maps, then applying a more expensive model
for the next stage.
We implement 3 stages to our classification process:

1. Anensemble of EfficientNet convolutional neural network (CNIN) models at different model
and image sizes (primary classification).

2. CLIP, prompted with qualities of maps and non-maps to guide classification (secondary clas-
sification).

3. Manual annotation performed by a human with specific criteria defining maps compared to
map-adjacent images (human annotation).

See figure 2 for the entire workflow and number of page scans at each stage.

3.1 Primary Classification

For the first classification step, we used the Ef-
ficientNet CNN, which has been pretrained on
over a million images with a thousand object
classes [15]. CNNs can be finetuned for a spe-
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speed, but reduces the number of pixels in the Figure 2: Workflow for identifying maps among
image, which can make subtler features harder page scans. The ensemble processed 32M pages,
to recognize. For these reasons, we decided to  jdentifying 584k as maps. CLIP processed these,
use an ensemble approach — as multiple model jdentifying 15k as maps. We manually examined

sizes and multiple image sizes might make cer- these, identifying 2,622 maps from 1,557 vol-
tain features more or less identifiable as maps umes, the final dataset.

— with the goal of missing as few maps as pos-
sible during classification.

We created a finetuning dataset by selecting maps from nonfiction volumes within the same
time span as the HathiTrust dataset (1700—1928). This dataset was composed of 730 maps and
270 non-maps, with an 80/20 train/test split. Because maps in fiction are so rare relative to those
in nonfiction, it was much easier to gather a training set of images from nonfiction. In doing this,
we assume that the general features of maps in nonfiction are similar to those in fiction within the
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