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1 INTRODUCTION
The digitization of historical documents has led to a surge in digital and cultural heritage research, highlighting
the need for automated tools to process and enrich these collections. Annotating them with rich metadata will
improve their accessibility and open new research opportunities. This work details a computer vision-based
annotation pipeline, with limited manual annotation to facilitate studies of the Italian economy at the beginning
of the last century. The existing efforts undertaken in quantitative economic history have made it possible to
reconstruct consistent historical series describing its fundamental features and trends. Nowadays, many historical
series are available for the interwar period in Italy. These detail the size of the workforce [1], the number of
hours worked [12], wages [10, 12], labor productivity [1, 6], and structural changes in employment over sector
[3, 11], gender [3], and geographic regions [2, 4, 5].
The project focuses on a previously unexplored source, namely Italian social security cards issued in the

1920s and 1930s, to collect and explore new micro-data on the working life of private-sector wage workers in
the interwar period. These historical cards are stored in the provincial documentary archives of the National
Institute of Statistics (INPS). They contain detailed information about each worker, describing their name, date,
birthplace, occupation, weeks worked, wages, and information about their employer. A sample of 70 stamp cards
was selected and digitized from the archives of Vercelli, Turin, Rome, and Naples. Each card contains one page
with multiple stamps, denoting the worker’s payout for the given week. The card layout, types of stamps, and
their monetary value (in Italian lira) vary greatly over the years, making manual annotation time-consuming.

Fig. 1. Overview of the preprocessing pipeline.
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2 STAMP DETECTION
First, the digitized cards were preprocessed. After a color correction, the entire cards were segmented from the
background via K-means color clustering. Afterward, the cards were dewarped and flattened. The preprocessing
pipeline is shown in Figure 1.
Our initial approach to extract the individual stamps from each card was based on a simple grid system. The

background color of the cards was used to determine the grid on which the stamps were placed. Extracting
the stamps using this grid did not work well, because some pages were not perfectly straight and stamps were
often misplaced. Therefore, we moved over to an object detection approach via transfer learning. We used the
YOLOv5 model, an improved version of the YOLO architecture [8]. 33 pages were manually labeled with the
bounding box of each stamp, totaling 2411 stamps. Three of those pages were used as validation data. The model
predictions were then subsequently post-processed. Predictions with a confidence score lower than 0.5 were
removed. Predicted stamps that were much larger or smaller than the others were also detected as outliers
and removed. Figure 2 shows the output of the YOLO model and post-processing results. The model exceeded
expectations, resulting in a mean average precision of 0.969 and 0.980 after post-processing. Next, the model
predictions were used to crop out the stamps on each page, to subsequently classify them.

Fig. 2. Output of the YOLO model and post-processing approach, where each prediction is annotated with its confidence
score. Predictions marked as correct are shown in green, low-confidence predictions and outliers that were removed in
post-processing are shown in red and blue, respectively.

3 STAMP CLASSIFICATION
Because labeling all of the individual stamps is very time-consuming, we developed a custom labeling tool, based
on the visual similarity model from [7], to cluster similar stamps together. This sped up the labeling process,
by labeling multiple stamps simultaneously, instead of one by one. Each stamp was given two labels, one for
the stamp type (the illustration) and one for its monetary value. This is an important distinction because many
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stamp types had multiple color variants that denoted different monetary values. Some stamps were later adjusted
over the years. These adjusted versions had an additional stamp on top, to denote their new value. Most of the
stamps were also punctured and had the payout date stamped on top, making them harder to distinguish. A total
of 4440 stamps were labeled. Some examples of different stamp types are shown in Figure 3.

Fig. 3. Each row shows stamps with the same type, but a different value, except for the last image in the bottom row, which
denotes an adjusted version, which we consider as a different type. The original stamp has a value of 6 lira, the adjusted one
4.05 lira (denoted by the black stamp on top).

Three different classification approacheswere tried. Predicting both the stamp type and value directly, predicting
only the value, and predicting both type and value through image similarity. For the first two approaches, we
performed transfer learning with a pretrained EfficientNetB0 [9] model. The similarity-based approach used the
same similarity model as before. The dataset exhibited a large class imbalance, with some stamps having over
1000 occurrences, while others occurred only a few times. Due to this imbalance, only stamps that occurred at
least ten times were considered. For the majority classes, a random sample of 200 stamps was taken. This resulted
in 32 classes for the type and value predictions and 12 classes for the type predictions. For the direct classification
approaches, a stratified sample of 20% of the training data was used for validation. The similarity-based approach
was validated using 5-fold cross-validation. In each fold, we predicted the type and value of stamps in the
validation split using the top-1 & top-5 best matches from the training set. The top-5 best matches were averaged
to produce the prediction. Table 1 lists the results of each approach.

The results clearly show an excellent performance of the EfficientNet model in predicting just the stamp type,
with an 𝐹1 score of 0.94. The same model, trained on both the stamp type and value, performed worse, with an
𝐹1 score of only 0.68. This is mainly because similar stamps had a different monetary value and because of the
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Approach Model 𝐹1 Accuracy

Type EfficientNetB0 0.94 0.94

Type + Value EfficientNetB0 0.68 0.70
Type + Value Similarity (Top-1) 0.84 0.85
Type + Value Similarity (Top-5) 0.84 0.86
Table 1. Classification results for each approach and model

imbalanced dataset. Our similarity-based approach showed an improvement over the classification model, with
an 𝐹1 score of 0.84. This improvement can mainly be attributed to an increase in performance on the minority
classes, as their most similar matches were often correct. This makes a similarity-based approach a valuable
alternative when dealing with large class imbalances on smaller datasets.

This work presented a semi-automatic enrichment pipeline for stamp cards from the 1920s. After preprocessing,
we have labeled a small portion of the dataset for stamp detection and classification. A state-of-the-art object
detection model was trained and validated on the dataset. With additional post-processing, this model produced
impressive results. After extracting the stamps, they were classified using three different approaches. We were
able to confidently predict the stamp type and used a similarity-based approach to predict both the stamp type
and value. The developed pipeline can now be applied to the full dataset, to provide valuable metadata and open
up further research opportunities on the Italian working class of the interwar period.
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