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A B S T R A C T   

Digital land use data before the age of satellites is scarce. Here, we build a machine learning 
model, using Extreme Gradient Boosting, that can automatically detect land use classes from an 
orthophoto map of Sweden (economic maps, 1:10 000 and 1:20 000) constructed from 1942 to 
1988. Overall, the machine learning model demonstrated robust performance, with Cohen’s 
Kappa and Matthews Correlation Coefficient of 0.86. The F1 values of the individual classes were 
0.98, 0.95, 0.84, and 0.87 for graphics, arable land, forest, and open land, respectively. While the 
model can be used to detect land use changes in arable land, higher uncertainties associated with 
forest and open land necessitate further investigation at regional scales or exploration of 
improved mapping techniques. The code is publicly available to enable easy adaptation for 
classifying other historical maps.   

1. Introduction 

Understanding the land use and land cover change (LULUC) is vital to tackling large-scale challenges such as biodiversity loss, 
climate change, and food production (Winkler et al., 2021). Habitat loss caused by land use changes is recognized as one of the most 
pressing threats to biodiversity worldwide (Newbold et al., 2015, 2016; Loucks et al., 2008). Studies showed the lasting effect of 
historical land use on plant diversity. For example, grassland plant diversity in agricultural landscapes was shown to be controlled by 
land use more than 200 years ago (Gustavsson et al.,2007). Similarly, persistent differences between the vegetation of primary forests 
and post-agricultural secondary forests indicate that distribution patterns for many plant species still reflect the open agricultural 
environment of the nineteenth century (Bellemare et al.,2002). This study focuses on Sweden, which has undergone significant land 
use changes in the last century. The amount of arable land peaked between 1910 and 1950 at over 3.7 million hectares but decreased to 
2.5 million hectares by 2007 (Swedish Board of Agriculture 2011) southern Sweden’s total open land cover declined by 17% during 
this period (Auffret et al.,2018), with afforestation being the major driver. However, some arable land has also been converted into 
open land uses (Auffret et al.,2018). Historical landscape predicted present-day species richness better than current landscape, sug
gesting the long-term effects of historical land use (Auffret et al.,2018). Furthermore, climate change can compound plant responses to 
habitat conversion, as both shape the re-distribution of plant species in space and over time (Auffret and Svenning 2022). While studies 
on land-use changes have been performed in southern Sweden (Auffret et al.,2018), research in northern Sweden is still lacking. 
Understanding the intricate interplay between climate change and land use change necessitates studies in these areas, as the northern 
latitudes are experiencing even more rapid climate change (Previdi et al.,2021; Laudon et al., 2021). 

Land use and land-cover change contributed to 12.5% of anthropogenic global carbon emissions from 1990 to 2010 (Houghton 
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et al., 2012). Drainage of wet organic soils for agricultural purposes increases greenhouse gas (GHGs: CO2, N2O, and CH4) emissions by 
roughly 1 t CO2 equivalents ha− 1 year− 1, compared to undrained peat (Kasimir-Klemedtsson et al.,1997). Globally, GHG emissions 
from drained organic soils make up 32% of the total emissions from the agricultural sector but for Sweden the corresponding number is 
44%. Rewetting drained peatlands is therefore an important climate mitigation option in Sweden. It has been suggested that forested 
peatlands previously used for agriculture are more nutrient-rich and emit higher levels of N2O (Klemedtsson et al.,2005). Hence, 
former arable soils, now often afforested, might be good objects for rewetting. While the nutrient status of mineral forest soils and 
peatlands generally increases towards the south (Högberg et al., 2021) peatlands display the opposite patterns (Laudon et al., un
published manuscript) with more eutrophic peatlands in northern Sweden compared to the south. Whether these nutrient-rich 
peatlands in the north are naturally nutrient-rich sites or former arable land, is still unknown. 

Sweden’s dependence on food imports from countries facing a broad range of potential climate risks (Horn et al., 2022) highlights 
the importance of domestic food production. Since the end of the 2nd World War, there has been a decrease in the number of farms and 
the total area of arable land due to farm closure and consolidation, particularly in northern Sweden, where 55–60% of the arable land 
was lost from 1944 to 1988 (Riksantikvarieämbetet 1996). However, the 2017 Swedish new food strategy (2016/17:104) aiming to 
increase domestic food production suggests that parts of the previously abandoned arable land might be recultivated. 

Understanding historical land use across large areas, especially in northern Sweden, is crucial for addressing ecological, climate 
change, and food security challenges. Though present-day geographical databases are available on both national and EU level (Abdi 
2020; Naturvårdsverket 2023), land use data pre-dating the launch of satellite imagery programs like Landsat in the 1970s is scarce 
(Mäyrä et al., 2023). The semi-automated approach proposed by Auffret et al. (2017) that digitized land use from historical maps was 

Fig. 1. A) Ten map regions for digitizing training and testing data were selected (A) to cover a range of production years and landscape types. B, D, F) Overview of 
three of the regions. Note the variability in color among the scanned maps. C, E, G) Example of digitized points, classified according to four classes, these are shown in 
the correct map scale (1:10 000). Note that the orthophotos are in the background of the map, with interpreted symbols drawn on top. The map tiles with a grey 
outline, in the northern inland of Sweden (A), are at the scale of 1:20 000, compared to 1:10 000 for the rest of Sweden. (For interpretation of the references to color in 
this figure legend, the reader is referred to the Web version of this article.) 
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geographically limited to southern Sweden. Advancements in Machine Learning and Deep Learning algorithms, as well as the capa
bility of supercomputers to handle high-resolution data for entire countries, are revolutionizing how maps are developed (Song et al., 
2023). Recent successful applications in Sweden include automatic detection of ditch systems with high accuracy by deep learning 
(Laudon et al., 2022; Lidberg et al., 2023), machine learning generated soil moisture map at 2-m resolution (Ågren et al.,2021), which 
was further leveraged to create a novel peat map surpassing the accuracy of traditional methods (Ågren et al.,2022). These 
high-resolution maps provide invaluable new datasets for researchers and land-use planners working at large scales. 

In this study, we developed a fully automated machine learning model for land use classification from scanned economic maps 

Fig. 2. The computed features from the scanned economic maps. 21 different features were derived. All maps show the same area, displayed at the scale of 1:10 000.  
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covering the entire country and evaluated the quality of the generated maps to determine their suitability for detecting land use 
changes over time. 

2. Methods 

The historical map series economic map (Ekonomiska kartan in Swedish) provides a detailed record of historical land use across most 
of the country (Fig. 1A), except the mountain range. In southern Sweden, each map sheet covers 25 km2 (1:10 000). In northern inland 
Sweden, each sheet covers 100 km2 (1:20 000) (Fig. 1A). The maps feature a monochrome aerial orthophoto in the background, with 
arable land colored in yellow and additional information such as roads, buildings, ownership boundaries, and place names in black 
(Fig. 1B–G). Maps from 1935 to 1947 have a black-and-white background photo, while for those produced after 1947, the photo was 
printed in green and white. More modern maps have topographical contour lines (Fig. 1G) and wetlands denoted with hatched areas. 
During the years 1992–1997, the maps were scanned as images by the Swedish Land Survey and released digitally as GeoTIFFs. The 
maps that were published online were produced from 1942 to 1988 (Fig. 1A). 

2.1. Digitizing training/testing data for the machine learning model 

The scanned economic maps from various production years and locations across Sweden were first explored visually. Due to 
variations in mapping methodologies, aging of the paper, and artifacts from printing and later scanning of the maps, land use cate
gories can be expressed in a wide range of colors (Fig. 1B, D, F). To address this variability, 10 map regions were selected to cover a 
wide range of production years and landscape types (Fig. 1A). Within each region, up to 100 economic maps (Fig. 1B, D, F) were 
visually inspected to generate as diverse training/testing data as possible (Fig. 1C, E, G). Graphics were digitized at a scale of 
approximately 1:200–1:600 (i.e., zoomed in on pixel level), depending on the size of the object, while land-use classes were digitized at 
a scale of ca 1:2000–1:6000 (i.e., zoomed in on “landscape level”). Identifying land use classes relied primarily on color and texture 
within the orthophotos. Arable land was easily identifiable by its yellow color (though, in reality, it varied in shades from yellow to 
brown, orange, lime, and dark green with a hint of yellow). Generally speaking, ‘forest and water’ was darker (dark grey, blue, or 
green) than open land, with coniferous forest being darker and “spikier” than deciduous forest, which was lighter in color and 
“rounder” in appearance. Open land typically had the lightest colors. In the south, most open areas were fields, while in the north, most 
open areas were mostly peatlands or clear-cuts. However, land use was not always determined by color. The texture of the orthophoto 
on the map was another key determinant. Open areas often had a “smooth surface,” i.e., little local variation in colors (Fig. 1C–G), 
while forests exhibited less uniform texture due to sunlit parts and shadows (Figs. 1C and 2A). Wet parts of peatlands, though often 
dark, could be visually distinguished from forests by their smoother homogeneous surface (Fig. 1C). Additionally, peatlands could also 
have bands with light and dark pixels, typical of string bogs. The minimum forest size, according to the definition from the Global 
Forest Resources Assessment (FRA), is 0.5 ha (ca 70 × 70 m) (Keenan et al., 2015). Open areas, however, can be smaller, such as a 
backyard with a lawn or the circular end of a cul-de-sac. Clear-cuts with a few seed trees were classified as open land (Fig. 1A), while a 
sparse natural forest was classified as forest land. Some of the classes were not easily identified even by human experts. We digitized 
numerous examples of such “tricky sites” with the aim of improving learning on them. Examples included dark, “patchy” green areas 
resembling forests but were situated in the mountains above the tree line where similar patterns were caused by field vegetation, or 
dark green areas on islands that were actually field vegetation and stoniness that had a forest-like appearance. A dense stand of 
even-aged forest could also be mistaken for an open field due to its homogeneous green impression. Based on map inspection, we 
expected arable land to be the easiest to classify and open land to be the most difficult. Therefore, we provided the model with 
additional examples of open land and forest. The final digitized points comprised 4312 for arable land, 2366 for ‘forest and water’, 
4753 for open land, and 5223 for graphics. Local names provided additional information helpful for labelling, with descriptive names 
often ending with “-bog”, “-moss”, “-field”, “-farm”, “-forest”, etc. In total we digitized 16 654 classified points from 938 maps, across 
the 10 study regions. 

2.2. Extracting features to enhance the separation between land use classes 

To enhance the separation between land use classes, several features were extracted from the original maps (Fig. 2A). The features 
were extracted with Whitebox tools v. 2.3.1 (Lindsay 2023), NumPy v. 1.24.4 (NumPy et al.,2023) and Rasterio v. 1.3.7 (Rasterio 
2024). First, the composite images were separated into red, green, and blue bands (Fig. 2B–D), and converted to intensity, hue, and 
saturation (Fig. 2E–G). The ratios of the blue/red band, blue/green band, and green/red band were calculated (Fig. 2H–J). The 
graphics were most highlighted in the green band (Fig. 2D). To further enhance the graphics, a minimum filter on the green band with a 
kernel of 3 cells was applied (Fig. 2K). The arable areas appeared prominent in the blue band, saturation, blue/red, and blue/green 
features (Fig. 2C, G, I). 5 filters were calculated to improve the separation between forests and open land. In the clear-cut area in Fig. 2, 
individual trees/stones appeared as dark areas on the map. To prevent misclassification of these features as forest, we applied the 
Gaussian and median filters to the red band to smooth out color variations, as the background orthophoto was most visible in the red 
band (Fig. 2B). We used the ‘fast almost Gaussian filter’ (Kovesi 2010) algorithm with a Sigma of 10 cells (Fig. 2L), which provided a 
blurred effect visually similar to a Gaussian filter but was approximately 10 times faster. A median filter with a kernel of 19 cells was 
also applied to reduce color variations (Fig. 2M). 3 standard deviations were calculated to highlight texture. The standard deviations 
were calculated on the red band with a kernel of 19 cells and on the intensity band with kernels of 11 and 49 cells (Fig. 2N–P). To 
mitigate the impacts of color variations between maps (Fig. 1B, D, F) from different production years, the average red, green, blue, 
intensity, hue, and saturation for each individual map were derived. In summary, 21 different features were calculated for all 938 
economic maps (Fig. 1). The values of these features were then extracted to the digitized point layer with classified land use. 
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2.3. Tuning, training, feature reduction, and application of the final XGBoost model 

The dataset of 16 654 classified land use sites with extracted feature values was first divided into a training dataset (80%) and a 
separate test data set (20%) based on the digitized map tiles. All points from 750 randomly selected map tiles were used to train the 
model, and all points from the remaining 181 map tiles were set aside for evaluation. This approach allowed us to evaluate the model 
performance on “unseen maps” with different colors due to different production years. The machine learning algorithm Extreme 
Gradient Boosting (XGBoost) was chosen because it is designed to optimize both computational efficiency and model performance 
(Chen and Guestrin 2016). It incorporates parallelization and tree-pruning techniques and utilizes a more optimized algorithm that 
reduces memory usage and computational overhead. 

The hyperparameter tuning of the model was performed with Bayesian optimization using the Optuna framework version 3.5.0 
(Akiba et al.,2019). Specifically, the Tree-structured Parzen Estimator (TPE) sampler was applied on the training set (Watanabe 2023). 
The objective was to maximize the mean Matthews Correlation Coefficient (MCC) obtained from all 5 cross-validation folds over 100 
trials. MCC gives the best measure of overall model performance for imbalanced multi-class datasets (Delgado and Tibau 2019). The 
overall quality of the model performance was high for our initial model, which included all 21 features and explored a wide hyper
parameter search space using TPE. However, clear indications of overfitting were observed as the loss curves of training and testing 
datasets diverged (Fig. 3A). Various techniques exist to reduce model overfitting and improve the model’s generalizability on unseen 
data. The model complexity was reduced by adjusting the bounding values of the hyperparameter search space. We decreased the 
number of features, maximum depth, and learning rate, and increased L1 and L2 regularization parameters. We implemented sub
sampling and early stopping during model fitting. Training features were iteratively removed based on their importance and collin
earity. Hyperparameters were fine-tuned iteratively, with adjustments made in steps of 20%, while monitoring improvements in 
overfitting without compromising overall model performance. The total decrease in MCC after all iterations was <5‰. The process was 
stopped when an additional iteration resulted in a decrease of MCC by 1.5%. Finally, the best model hyperparameters from the tuning 
process were used to train the XGBoost model with 100 boosting rounds (Fig. 3B). The trained model with the 12 remaining features 
was applied to predict land use on unseen maps. For more details, we refer to the Python scripts on GitHub (https://github.com/ 
anneliagren/Land-Use-Mapping-from-Historical-Maps). All processing was performed on two local Linux servers running Ubuntu 
22.04.4. Server 1 is equipped with two Intel Xeon Platinum 8362 CPUs (2.8 GHz, together 64 cores/128 threads) and 1024 GB RAM. 
Server 2 is equipped with one AMD Ryzen ThreadRipper 3990X CPU (2.9 GHz, 64 cores/128 threads) and 256 GB RAM. 

2.4. Evaluation metrics and SHAP-values 

The model performance was evaluated on the separate test dataset of 181 maps (20%). We evaluated model performance based on 
these measures: Recall (user’s accuracy), Precision (producer’s accuracy), F1-value (Powers 2011), Matthews Correlation Coefficient 
(MCC) (Matthews 1975), and Cohen’s Kappa (κ) (Cohen 1960). Recall answers the question; out of all the points for a certain class, how 
many were retrieved? Precision answers the question: out of all the points that the model retrieved for a certain class, how many were 
classified correctly? F1 is the harmonic mean between precision and recall (Powers 2011). Cohen’s Kappa and Matthews Correlation 
Coefficient can often be used interchangeably, except for certain conditions, where Matthews Correlation Coefficient behaves more 
robustly (Delgado and Tibau 2019). 

To gain insights into how the XGB model classifies land use, we calculated the Shapley Additive exPlanations (SHAP) values. 
Derived from game theory, SHAP values provide a unified approach to explaining the output of any machine learning model (Winter, 
2002; Li 2022). Originally it was developed to calculate how much an individual player contributed to a game (Lundberg and Lee 
2017). We calculated a global measure of feature importance, defined as the mean absolute value of each feature over all instances of 
the dataset using the Python library “Shap” version 0.44.1, on model predictions during testing. The absolute SHAP-values were 
calculated to compute the contribution of each feature (Fig. 2) to the detection of each land-use class and not if the feature contribute 
positively or negatively to the prediction (Li and Managi 2024). 

2.5. Adding water features to the classified raster maps 

We adopted the method used by Auffret et al. (2017) by adding water features using a modern vector layer, as water and forest 
could not be separated effectively. We opted for the more detailed water polygons from the Swedish Property map (1:12 500) 

Fig. 3. Loss curves for A) Initial model with all 21 features. B) Final model after feature reduction and further tuning of the XGBoost model to reduce overfitting.  
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(downloaded 2021-08-09). The package gdalUtils was used to burn the modern water vector layer onto the final classified raster map 
(GDAL /OGR 2024). Given this approach, users of the maps should not use this map for detecting changes in water feature boundaries. 

2.6. Post-processing 

In some of the predicted maps, we observed the occasional irregularities in land use classification affecting one or a few cells 
(Fig. 4B). A post-processing step using the ‘generalized classified raster’ algorithm in Whitebox Tools v 2.3.0 was undertaken to remove 
the noise. This algorithm was preferred over a general smoothing filter (for example, Gaussian or majority), due to its capability to 
selectively modify without affecting feature boundaries within the classified raster (Lindsay 2023). The algorithm first identifies each 
contiguous group of cells in the input (i.e. a clumping operation) and then defines the subset of features that are smaller than the 
user-specified minimum feature size. In our case, the threshold was set to 9 cells to avoid removing small features representing 
footpaths. We used the method “longest” for class feature generalization, which reassigns small clumps with the same class value as the 
neighboring land use category with the longest shared border (Fig. 4C). 

2.7. Mapping the northern inland of Sweden 

While the 1:20 000 maps for the northern inland had been scanned, they had not yet been georeferenced and the borders around the 
maps remained (Fig. 5A). To address this issue, we implemented the following steps: 1) converted the original image to grayscale, 2) 
applied Otsu’s thresholding (Otsu 1979) to create a binary image (Figs. 5B), 3) moved a bounding box of 5000 by 5000 pixels (red 
dashed box, Fig. 5) iteratively over the binary image, progressively decreasing the step size from 200, 100, 20, to 5 pixels. This process 
aimed to find the region of the target size that contains the most white pixels, corresponding to the map content area in the original 
map (green area), 4) cropped the original map with the location of the bounding box, and 5) the cropped image (Fig. 5C) was 
georeferenced using the shape file with the location of each file, in Fig. 1A. Apart from these extra steps, the maps were processed 
identically (calculating features and applying the classification model) as the rest of Sweden. 

2.8. Comparison with Auffret et al. (2017) for the south of Sweden 

Five of the digitized study areas overlapped with the area previously classified by Auffret et al. (2017) in their work on 
semi-automated land use digitization in south Sweden using R (https://github.com/AGAuffret/HistMapR/). We compared our 
manually digitized points with the predictions by Auffret et al. (2017), focusing only on points classified as arable land, open land, and 
forest. All points could be used for evaluation purposes since our digitized points were independent of the training data used in Auffret 
et al. (2017). Some key differences existed between the two methods. While both studies incorporated water features from modern-day 
maps after the final predictions, Auffret et al. (2017) included a separate class for pixels that could not be classified, labeled as 
“borders”. Due to these class discrepancies, direct comparisons of the total maps were impossible. However, we could perform 
comparison for the individual classes of arable land, forest, and open land, which were present in both studies. 

2.9. Optional removal of graphics 

Finally, we provided the option to remove graphic elements (e.g. contour lines, ownership borders, place names) from the maps. 
Classifying graphics as a separate class provided us the option to use it as a mask to remove them while preserving as much of the 
original land use data as possible. First, all graphics were converted to a value indicating missing data, commonly referred to as 
‘Nodata’. Then we employed the GDAL (GDAL /OGR 2024) function ‘gdal.FillNodata’ to fill the ‘NoData’ values. It started by searching 
within a neighborhood of 3 x 3 pixels and exponentially increasing neighborhood sizes (3, 6, 12, 24, 48, etc. pixels) until all ‘NoData’ 
cells were filled. Progressively increasing the search area allowed for more efficient computations while preserving local variations in 
the data. 

Fig. 4. A) The figure shows an example of the original scanned map, B) the classified land use map from the XGBoost model, and C) the map after the post-processing 
step after the removal of individual misclassified small “clumps”. 
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3. Results 

3.1. Quality measures of the maps 

The overall quality of the classified land use maps was high, as indicated by the statistical evaluation using the test dataset con
sisting of 181 maps (Table 1). While we presented accuracy for comparisons with other studies, we considered κ and MCC to be more 
robust metrics for the overall quality of the map, given the slightly unbalanced nature of our dataset. The accuracy for our final model 
was 0.90, κ and MCC both achieved a score of 0.86. Graphics and arable land had the highest performance for the individual classes, 
with F1 scores above 0.90. The most difficult land use to distinguish/identify was the forest and open land, with F1-scores of 0.84 and 
0.87, respectively. 

3.2. Feature importance with SHAP values 

The SHAP values (Fig. 6) quantify the contribution of each feature to XGBoost’s ability to accurately classify each land-use class. 
The length of each bar within a feature represents the feature’s relative importance for individual classes. The cumulative length of all 
bars for a given feature reflects its overall impact on the model across all classes. For graphics, the minimum filter on the green band, 
green/red, and average green were the most important features. Blue/red and green/red contributed the most to classifying arable 

Fig. 5. Example of automated cropping of images. A) Original map. B) Binary image from Otsu’s thresholding. C) Cropped map.  

Table 1 
Precision, Recall, F1-score on the testing dataset for each class, and the overall performance measures of the model; Accuracy, Cohen’s kappa (κ), Matthews Correlation 
Coefficient (MCC), and number of observations (n). The table presents the measures from the final XGBoost model after feature reduction and further tuning of the model 
to reduce overfitting (see section 2.3).   

Precision Recall F1-score Accuracy κ MCC n 

Graphics 0.97 0.98 0.98    716 
Arable 0.97 0.92 0.95    468 
Forest 0.83 0.86 0.84    930 
Open 0.88 0.86 0.87    976 
Total   0.91 0.90 0.86 0.86   

Fig. 6. The absolute SHAP values for the XGBoost model.  
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land. Classifying open land relied on a wider range of features, with the most important ones being the minimum filter on the green 
band, the standard deviation of the red band with a kernel of 19 cells, blue/red, and a Gaussian filter with a sigma of 10. Forest 
classification primarily involved the median filter on the red band with a 19 cells kernel, hue, and a Gaussian filter with a sigma of 10. 

3.3. Visualization of the predicted maps 

Visual inspection of the predicted maps and the original maps revealed a high degree of accuracy (Fig. 7A and B). There was also a 
high level of agreement between our new fully automated land use classification with the classification by Auffret et al. (Fig. 7B and C). 
The primary difference between our methods lay in the handling of graphics, which we maintained as a separate class, while Auffret 
et al. masked them out during preprocessing. This was especially evident in urban areas with high density of graphics (Fig. 7D–F). Both 
models delineated open and forest land based on the brightness or darkness of the orthophoto, which led to some limitations. Light- 
colored deciduous forests were misclassified as open areas (Fig. 7G–I), and some dark open areas (often wet soils) were misclassified as 
forests (Fig. 7J–L). The percentage of graphics ranged 0–27% on the evaluation maps. We observed an increase in graphics over time, 
from an average of ca 5% on the maps produced in the early 40s to ca 12% in the late 70s (Fig. 8). 

3.4. Statistical comparison with Auffret et al., (2017) for the south of Sweden 

In addition to the visual comparison with Auffret et al. (2017), we also compared Auffret et al.’s maps statistically with our 
manually digitized points. We compared the performance of the individual classes’ arable land, forests, and open land, excluding 
classes that were not represented in both maps. Both models achieved high recall, or user’s accuracy, for arable land, specifically, 0.92 
in our study and 0.93 in Auffret et al. (2017). This indicates that 92% and 93% of the actual arable land were correctly identified by the 
models. Our model demonstrated higher precision, or producer’s accuracy, for arable land 0.97 (Table 1) compared to Auffret et al.’s 
0.58 (Table 2). This metrics measures the proportion of correctly identified arable land out of all pixels identified as arable land. For 
forest and water, our model had a lower recall 0.86 but higher precision 0.83 in comparison to Auffret et al.’s higher recall 0.91, and 
lower precision 0.58. For open areas, our model outperformed that of Auffret et al.’s by ca 10%, with recall and precision values of 0.86 
and 0.88, respectively (Table 1), compared to 0.70 and 0.75, for Auffret et al. (Table 2). Based on F1 scores, which is the harmonic 
mean for precision and recall, our model generally performed better than the previous model by Auffret et al., with F1 scores 0.24 
higher on arable land, 0.19 higher for forest, and 0.14 higher for open areas (Table 2). 

3.5. Masking away graphics 

By using the classified graphic as a mask (Fig. 9B), we could remove the graphics without changing any other cells in the maps and, 
therefore, maintain the integrity of the land use classes (Fig. 9C). For the majority of the map tiles three iterations (filter size 3x3, 6x6, 
and 12x12) was enough to fill all NoData cells, and mask away all graphics. Another common way to remove graphics is to use a 
general smoothing filter (Fig. 9D) as applied by Auffret et al., (2017). Which is similar to our post-processing step (Section 2.6, Fig. 4), 
but, with a larger kernel. However, this affects more pixels across the landscape and introduce more uncertainty in the maps (Fig. 9D). 

4. Discussion 

4.1. Land use classification model 

4.1.1. Objective and significance of land use classification 
The purpose of classifying the land use in these historical maps is to generate a dataset that can be used to detect changes in land use 

(Auffret et al.,2018) and learn more about the interactions on species diversity in a changing world where both climate and land use 
are changing (Auffret and Svenning 2022). We also aim for these maps to serve as planning tools for rewetting nutrient-rich peatlands, 
as historical land use may have long-lasting effects on soil carbon (Schulp and Verburg 2009), microbial diversity (Li et al., 2021), and 
N2O emissions (Klemedtsson et al.,2005). This article focuses on the method development of detecting land use in historical maps and 
assessing the machine learning model classified maps for their intended use. 

4.1.2. Modern land use data quality and XGBoost model assessment 
As background to our classification, we examined the quality of modern-day land use data for Sweden (NMD), at 10 m resolution, 

derived from a combination of 41 different data layers of satellite imagery, laser data, digital terrain indices, current vector maps, etc. 
(Naturvårdsverket 2023). The NMD maps identify forests, wetlands, arable land, other open land, urban areas, and water. The quality 
of the NMD maps was assessed based on regional precision for Sweden, divided into 4 regions based on field data (Nilsson et al., 2020). 
The precision was (the range among the 4 regions is given in the in brackets): forest (0.93–0.97), arable land (0.96–0.97), wetland 
(0.91–0.98), other open land (0.38–0.75), urban land (0.46–0.58), water (0.99–100). Nilsson et al. (2020) further concluded that a 
precision above 0.8 is very good, 0.7–0.8 is good, 0.6–0.7 is acceptable, but below 0.6 there is a poor agreement between the map and 
reality. 

Our machine learning model could not be directly assessed with field data, due to the lack of accurate positioning of the available 
field data during the map production years. Hence, we partitioned our digitized point layer into a separate evaluation dataset. Our 
XGBoost model had a precision of 0.97, 0.83, and 0.88 for arable land, forest and open areas, respectively. The inherent uncertainty of 
the original paper maps (García-Alvarez et al.,2019) is acknowledged but remains nonquantifiable, as the only information given by 
the National Land Survey on this, is that newer maps are more accurate than old maps. 
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4.1.3. Challenges and solutions in historical orthomap classification 
Both our XGBoost method and Auffret’s model encountered difficulties in correctly mapping dark open areas (Fig. 7K and L), and 

light forests (Fig. 7H and I). In a separate model run (not shown) we digitized a further 5500 points representing dark open areas and 

Fig. 7. Comparison of land use classification for four different areas in southern Sweden. The left panels show the original scanned maps, the center panels our land 
use classification, and the right panels display the classification by Auffret et al., (2017). Panels A–C show an entire map tile compressed to 1:50 000 while, panels D–L 
show zoomed-in sections of maps originally produced at a scale of 1:10 000. Orange polygons exemplify misclassified areas. (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 
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light forests. The intention was to improve the classification with additional training data, allowing it to learn to differentiate land use 
based on both color (light vs. dark) and texture (smooth vs. “textured”). However, this attempt to improve performance instead 
introduced noise in the model, leading to the deterioration of predictive performance. Hence, we opted to revert back to the original, 
more well-balanced dataset. Our analysis suggested that classification based on light and dark areas of the orthophoto would yield 
more accurate predictions overall. We observed illumination non-uniformity in some of the scanned maps (visible in Fig. 1B), char
acterized by lighter and darker stripes across the maps (Baltsavias 1994). These artifacts affected the land use classification in some of 
the images. Underexposed dark bands were over-classified as forest, while overexposed light bands were over-classified as open land. 
This banding was most pronounced for the northern inland maps, but, the same patterns were also present in the maps by Auffret et al., 
(2017) (not shown). To potentially improve the classification of forest and open land, we recommend evaluated a novel deep learning 
model Correcting Uneven Illumination Network (CUI-Net) for correcting light and dark stripes in the original images (Chao et al., 
2023). 

Fig. 8. Linear regression reveals a significant increase in graphics content of historical maps over time (p < 0.001, R2 = 0.22). The grey shaded area depicts the 95% 
confidence interval for the regression line. 

Table 2 
Precision, Recall, F1-score, and number of observations (n) for the map by Auffret et al. (2017). The map was statistically evaluated against all of our training and testing 
points where the study areas overlapped. Furthermore, we show the difference between our map and Auffret et al.’s. A positive number indicates that our map has a 
higher quality, while a negative number indicates that Auffret’s map has a higher quality.   

Precision Recall F1 score n Difference in precision Difference in recall Difference in F1 

Arable 0.58 0.93 0.71 1740 0.39 − 0.01 0.24 
Forest 0.51 0.91 0.65 3022 0.32 − 0.05 0.19 
Open 0.75 0.70 0.73 3246 0.13 0.16 0.14  

Fig. 9. All four maps show the same area. A) Original map. B) Our classified map. C) The map after masking graphics in our study. D) Classified map by Auffret et al., 
(2017), who applied a general smoothing filter in the first step of land use classification. 
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The extent of graphic coverage on the maps depended on the production year, with more graphics added over time (Fig. 8). Among 
our 181 evaluation maps, graphics covered between 0 and 26%. Since graphics obscured the underlying photo, it was challenging to 
determine the land use hidden underneath. However, by assigning graphics to a separate class, we could quantify the uncertainty 
introduced by the overall coverage of the graphics (Fig. 8). Having a separate class allows users to easily mask the graphics away and 
interpolate with the surrounding land use if needed (Fig. 9). While the masking and interpolating method works well for rural areas 
where most of the graphics are wetlands, topographic lines, and ownership boundaries, it will introduce a larger bias for urban areas 
(Fig. 7D–F). Hence, we opted to retain the graphic as a separate class, allowing potential future map users the flexibility depending on 
their research questions. Additionally, we have included a Python script to facilitate efficient removal of graphics when desired. We 
observed a further complication in the analysis. Recent maps, characterized by a higher graphic content (Fig. 8), exhibited a reduction 
in background orthophoto contrast to enhance graphic visibility. This contrast reduction appeared to have negatively impacted land- 
use classification performance, particularly for forest and open land categories, as evidenced by the test map evaluations. 

The automated clipping of the maps of northern inland generally performed well. However, some maps experienced distortion from 
scanning (often a minor rotation). The misalignment with the 5000x5000 cell window has, in some cases, resulted in partial map loss 
or map border inclusion in the clipping area. The location uncertainty introduced by scanning distortion amounted to ca 1%. To make 
the clipping more efficient, we enforced early stopping when the bounding box was within 5 m of the optimal placement. Except for the 
distorted map areas, we argue that this method still surpasses modern land use classification, which has a 10 m resolution. 

Fig. 10. Modeling Framework for Classifying Land Use from Pre-Satellite Historical Data. Python scripts for all calculations and instructions are found on https:// 
github.com/anneliagren/Land-Use-Mapping-from-Historical-Maps. 

Fig. 11. Example of a Finnish basic map 1:20 000 (1964) (A) and a historical orthophoto (1959) (B) of the same area, from National Land Survey of Finland. The 
Danish topographical map Lave målebordsblade (C) 1:20 000, 1901–1971, Generalstaben. 
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4.2. Can the maps be used for detecting land-use changes over time? 

4.2.1. Arable land 
Ensuring the trustworthiness of land-use maps is important as they are crucial tools for understanding some of the world’s most 

pressing challenges like biodiversity loss and climate change (Griffin 2020). Accurate assessment of land-use change from maps ne
cessitates the estimation of map uncertainty (Prestby 2023). To properly evaluate the uncertainty, we calculated several measures of 
uncertainty both for the entire map and for the individual classes (Table 1). The uncertainties of the maps also have to be considered in 
the context of land-use change over time. Statistical records indicate a 21% decrease in arable land in Sweden from the period 
1910–1950 to the year 2023 (Swedish Board of Agriculture 2011; Swedish Official Statistics 2023). While this data comes from the 
farmers’ self-reporting to the board, which lacked georeferencing (before 1998), most of the individual fields can be identified on our 
model-produced maps. Our model had an F1-value of 0.95 for arable land (Table 1), and modern-day land use maps had a precision of 
0.96–0.97 (Nilsson et al., 2020). These metrics suggest that a few local arable sites might be mislabeled by the model, and one should 
not trust the maps implicitly on the local level. However, when examining arable land at regional scales, the low uncertainty associated 
with both our model-produced maps and modern land use maps suggests minimal impact on the overall results. 

4.2.2. Forest and open land 
For forest land and open land, which were harder to detect, we can estimate that our map has an uncertainty of around 13–16% 

based on the F1 values (Table 1). In comparison, the modern-day land use maps had 3–7% uncertainty based on the producer’s ac
curacy for forest land, while the uncertainty for wetland was 2–9% and other open land 25–68% (Nilsson et al., 2020). The higher 
uncertainties for forest and open land in both our and existing maps, limit the effective detection of small-scale land-use changes. Based 
on field measurements from the National Forest Inventory the productive forest land has increased by 5% from 1926 to 2020, while 
mires decreased by 13% over the same period (Swedish Official Statistics). While Auffret et al. (2018) reported a 17% decline in total 
open land cover in southern Sweden, our evaluation indicated an uncertainty of 27% for open land in their maps (Table 2). 
Furthermore, the broad range of uncertainty (25–68%) associated with open land in modern maps (Nilsson et al., 2020) undermines 
the certainty of this reported land-use change. Despite having a higher overall quality (14–24% more accurate (Table 2)), our map still 
exhibits an uncertainty of 13% for open land (Table 2). We therefore advise using the map with caution. Given the higher uncertainty 
of the classes forest and open land for both modern and historical maps, the suitability of the maps for detecting land use changes for 
those land use classes is questionable. Therefore, we recommend users conduct further investigations at more regional and local scales 
to assess the uncertainty further. 

4.3. Applying the model to other countries 

Long-term records of land use change require alternative data sources beyond satellites, as satellites dedicated to land-cover 
observation were not launched until 1972 (Belward and Skoien 2015). Historical maps and orthophotos provide valuable tools for 
detecting land use changes extending back more than 250 years. This approach is demonstrated by a Czech case study where historical 
land use was manually interpreted and digitized as vector data (Skalos et al.,2011). Manual digitization remains a viable option for 
small study areas (Skalos et al.,2011) and smaller countries, such as Latvia (65 300 km2) (Piskinaite and Veteikis 2023), or even for 
larger countries when using low resolutions, as shown in a study of India at 5 arc-minute resolution (Tian et al., 2014). However, 
detailed manual interpretation of historical maps and orthophotos at scales of 1:10 000 to 1:20 000 is prohibitively time-consuming 
and expensive to perform across entire countries. Semi-automated methods using R and GRASS have been employed to detect land use 
in southern Sweden and Italy (Auffret et al.,2017; Gobbi et al., 2019). In this study, we developed a fully automated method for land 
use classification that could be applied across an entire country (470 000 km2) at high resolution (1 m) by leveraging efficient cal
culations with parallel processing using Python scripts running on Linux servers. This approach allowed us to map the entire country 
within ca. two months of full time work. The same methodology can be adapted to other countries with similar datasets (Fig. 10). 

Monochrome orthophotos became widespread in the 1930s–1960s and changed how maps were constructed. The production of 
photomaps began after the First World War, initially intended for military purposes but eventually expanding to civil applications as 
well (Baltsavias 1996). Maps based on orthophotos gained widespread popularity because orthophotomaps provided a wealth of 
ground details and information that could not be captured by standard vector maps (McKenzie 1973). The Swedish economic map is an 
orthophotomap with the orthophoto in the map background and interpreted vectorgraphics on top. Most European countries has 
similar maps that are in the scale of ca 1:10 000–1: 50 000, and were drawn based on aerial photography. However, in some European 
countries, these datasets can sometimes exist separately. In the Finnish basic map (1:20 000, 1949–1998, National Land Survey of 
Finland) (Fig. 11A), the land uses water, arable land, and graphics can be classified from the maps, while open land and forest land can 
be classified from the orthophotos (Fig. 11B) and then used to update the white background areas in the map (Fig. 11A). Unlike many 
modern maps, early geographical information was not standardized across countries. As a result, our tuned model cannot be directly 
applied to maps from other countries. However, the methods (https://github.com/anneliagren/Land-Use-Mapping-from-Historical- 
Maps) can be easily transferred to any country with historical maps and/or orthophotos from the same period (Fig. 10). For maps 
that use a greater number of symbols to indicate different land uses within polygons, such as the Danish topographical map (Lave 
målebordsblade, 1:20 000, 1901–1971, Generalstaben) (Fig. 11C), we suggest that a deep learning approach might be more effective. 
The complexity and diversity of symbols in such maps could be better interpreted by advanced deep learning techniques, which classify 
land use based on image segmentation techniques, possibly with a U-Net model (Mäyrä et al.,2023). 
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5. Conclusions 

Our method demonstrates the potential for automated, high-quality arable land mapping. The maps can thus facilitate the iden
tification of afforested former arable sites, which are likely to be nutrient-rich sites. Such nutrient rich sites often displays a high 
growth and yield, high biodiversity, and can be good candidates for rewetting, which can lead to tradeoffs for best management 
practice. Very little is known about nutrient-rich drained peatlands in northern regions; this map is, therefore, an important contri
bution to further research. However, with the developed methods we could not get a good estimation of open and forest land use 
change, despite F1 values above the threshold for “very good” suggested by Nilsson (>80%), as the magnitude of change for these land 
uses fall within the range of uncertainty estimates. To promote further research and broader application, the code for this method is 
publicly available on GitHub (https://github.com/anneliagren/Land-Use-Mapping-from-Historical-Maps). 

Code availability 

All code is openly available and published on GitHub under The Creative Commons CC0 Public Domain Dedication (https://github. 
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Högberg, P., Wellbrock, N., Högberg, M.N., Mikaelsson, H., Stendahl, J., 2021. Large differences in plant nitrogen supply in German and Swedish forests - implications 

for management. For. Ecol. Manag. 482 https://doi.org/10.1016/j.foreco.2020.118899. ARTN 118899.  
Horn, B., Ferreira, C., Kalantari, Z., 2022. Links between food trade, climate change and food security in developed countries: a case study of Sweden. Ambio 51, 

943–954. https://doi.org/10.1007/s13280-021-01623-w. 
Houghton, R.A., House, J.I., Pongratz, J., van der Werf, G.R., DeFries, R.S., Hansen, M.C., Le Quéré, C., Ramankutty, N., 2012. Carbon emissions from land use and 
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