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Featured Application

The evaluated Fusion AI workflow provides a robust framework for historical landscape
reconstruction using archival aerial imagery, enabling the automated and accurate genera-
tion of 3D terrain models for heritage documentation and archaeological research in areas
with limited metadata.

Abstract

This study evaluates the accuracy of various preprocessing methods applied to scanned
archival aerial photographs for reconstructing historical terrain in the Czech Republic.
Seven workflows were tested on identical imagery and control points, varying parameters
such as resolution unification, brightness normalization, focal length calibration, and AI-
based denoising. Accuracy was assessed using GNSS checkpoints and high-resolution
LiDAR data. Results show that basic brightness correction reduced the vertical RMSE by
59% (to 5.69 m). In contrast, standalone AI preprocessing was associated with increased
geometric instability (RMSE 16.48 m) due to over-smoothing and the loss of essential micro-
texture. However, the evaluated “Fusion AI” workflow—combining AI enhancement with
strict focal length constraints—successfully mitigated this degradation. By restricting the
internal orientation, it stabilized the vertical accuracy at 6.48 m, closely matching the best
traditional approaches. Statistical analysis revealed strong spatial autocorrelation and
non-normal error distributions, highlighting the need for robust validation. Ultimately,
this study confirms that AI can be effectively utilized to enhance visual clarity in data-
scarce historical reconstruction without sacrificing spatial reliability, provided it is strictly
geometrically constrained. This offers an optimal compromise and a tested, reproducible
workflow that supports heritage preservation and long-term environmental analysis.

Keywords: archival aerial photography; Structure-from-Motion (SfM); deep learning
denoising; historical landscape reconstruction; Digital Surface Model (DSM); image
preprocessing; artificial intelligence

1. Introduction
The utilization of historical aerial and terrestrial imagery has become increasingly vital

across various scientific disciplines, enabling researchers to conduct long-term spatiotem-
poral analyses that would otherwise be impossible. These archival datasets serve as unique
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time capsules, providing foundational data for tracking land-use changes, documenting
the evolution of cultural heritage, and assessing environmental dynamics over decades [1].
Furthermore, the transition from traditional analytical photogrammetry to modern digital
processing techniques—such as Structure-from-Motion (SfM)—has significantly broadened
the accessibility and application of these historical records [2]. However, working with
analog images digitized for modern workflows brings specific challenges, particularly
regarding how scanning resolution and physical degradation influence the final geometric
accuracy [3,4].

Despite these methodological advancements, reconstructing historical terrain from
archival aerial imagery is significantly constrained by the absence of camera calibration
protocols (Interior Orientation) and flight logs (Exterior Orientation)—a condition referred
to here as the “metadata vacuum” [5,6]. Coupled with the physical degradation of ana-
log film and radiometric inconsistencies, this lack of calibration data makes standard
Structure-from-Motion (SfM) workflows highly unstable [4,7,8]. In regions affected by
drastic anthropogenic transformations, such as open-pit mining districts, original topo-
graphic features have been extensively transformed [9,10]. Consequently, establishing
dense Ground Control Point (GCP) networks is often unfeasible, further compounding the
geometric instability of historical photogrammetry [11,12].

While previous studies have demonstrated the potential of historical SfM [13–16], they
typically rely on datasets with sufficient control points. Furthermore, although modern
AI-based denoising techniques offer visual enhancements, their geometric impact on 3D re-
construction remains poorly quantified under limited control conditions [17,18]. Therefore,
a systematic evaluation of how specific preprocessing steps affect vertical accuracy in
data-scarce environments is required.

This study addresses these gaps by conducting a rigorous sensitivity analysis of seven
distinct photogrammetric workflows applied to scanned archival imagery from the 1930s.
Rather than seeking to maximize absolute accuracy under ideal conditions, our primary
objective is to identify a robust preprocessing strategy capable of minimizing vertical error
in suboptimal conditions, where metadata are missing and ground control is minimal.

To achieve this, we test the following three hypotheses:

H1. Basic radiometric corrections (brightness normalization) and geometric standardization
(resolution unification) substantially reduce noise in the sparse cloud, improving the vertical
accuracy (RMSE) compared to unmodified archival scans.

H2. Standalone AI-based denoising, while visually enhancing 2D image quality, introduces
geometric smoothing that degrades the vertical accuracy of 3D models unless constrained by fixed
internal orientation parameters.

H3. A composite “Fusion AI” workflow—combining AI enhancement with strict focal length
fixation—can mitigate the geometric degradation associated with standalone AI preprocessing and
maintain acceptable reconstruction stability under data-scarce conditions (minimal GCP availability).

To validate these workflows robustly despite the limited number of available ground
control points (n = 6), we employ a dual-validation approach. This combines discrete GNSS
checkpoints with a continuous surface difference analysis against high-resolution LiDAR
data, allowing for a comprehensive assessment of terrain morphology reconstruction in
the Bohemian Central Highlands. Ultimately, our findings reveal that while unconstrained
AI denoising significantly degrades vertical accuracy (RMSE increasing to over 16 m), the
evaluated geometrically constrained “Fusion AI” workflow successfully mitigates these
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distortions, stabilizing the error at 6.48 m and providing a reproducible path for historical
landscape reconstruction under pronounced metadata limitations.

2. Materials and Methods
The primary dataset consists of aerial photographs acquired during the late 1930s

by the Military Geographical Institute of Czechoslovakia, typically flown at altitudes of
4200 to 5000 m. The imagery was recorded on nitrocellulose film. While this medium
offers high textural resolution suitable for photogrammetric processing, it is physically
fragile and prone to degradation and radiometric aging over time [19,20]. To preserve
the maximum amount of spatial information, the analog negatives were digitized at the
Military Geographic and Hydrometeorological Office (VGHMÚř) using high-precision
photogrammetric scanners at a 14–15 micrometer resolution with an internal geometric
accuracy of 2 micrometers [21].

The Czech Republic was selected as the study area due to the massive anthropogenic
transformations it underwent during the 20th century, particularly through extensive sur-
face coal mining and the construction of large reservoir systems (see Figure 1) [22,23]. While
numerous authors have long demonstrated the utility of archival imagery for assessing
environmental and geomorphological dynamics—ranging from long-term soil erosion to
landslide monitoring [7,20,24,25]—the precise 3D reconstruction of vanished terrain forms
in these heavily disturbed regions presents a specific challenge. The complete oblitera-
tion of original topographic features often prevents the establishment of dense ground
control point (GCP) networks, necessitating the robust processing workflows evaluated in
this study.

Figure 1. Example of vanished terrain morphology due to the construction of the Orlík Reservoir.

2.1. Methodological Test Site

The study focuses on the Bohemian Central Highlands (České středohoří), specifically
the area surrounding Raná hill (see Figure 2). This region was selected not as a representa-
tive example of a transformed landscape, but rather as a controlled methodological test site.
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Its geomorphological diversity—characterized by sharp transitions between flat agricul-
tural plains and steep volcanic cones—provides a rigorous testing ground for evaluating
the vertical stability of photogrammetric models.

Importantly, unlike the target application domains of this research (e.g., open-pit
mining districts where the original terrain has been extensively transformed), the Raná
study area has remained geomorphologically stable over the evaluated period. This stability
is necessary, as it allows for the acquisition of independent, high-precision modern reference
data (LiDAR and GNSS) required to objectively quantify the errors of the reconstructed
historical surface models.

 
Figure 2. Overview map of the Bohemian Central Highlands (České středohoří) study area, illustrat-
ing the spatial distribution of the six Ground Control Points (GCPs) and 53 Checkpoints (CPs) used
for model georeferencing and validation.

2.2. Simulation of Data-Scarce Conditions

A central aspect of this study is the simulation of the “metadata vacuum” typical of
historical archives. In regions affected by drastic anthropogenic changes, reliable ground
control is often nonexistent due to the destruction of original landscape features. To
replicate these strict operational limitations, the methodology does not aim for maximum
achievable accuracy using a dense control network. Instead, the georeferencing process
was deliberately restricted to a minimal set of persistent natural features (n = 6) identifiable
across the temporal gap.

While this low number of Ground Control Points (GCPs) falls below standard rec-
ommendations for modern photogrammetric blocks, it directly reflects the realistic limits
encountered in historical landscape reconstruction. This experimental design allows us to
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isolate and assess the performance of the evaluated preprocessing workflows (particularly
the “Fusion AI” method) under the specific stress conditions of minimal geometric control.
The resulting models are subsequently validated against a dense network of 53 independent
checkpoints and continuous LiDAR coverage.

2.3. GNSS Data Collection and Ground Control Strategy

Ground control and checkpoint data were acquired using Global Navigation Satellite
System (GNSS) Real-Time Kinematic (RTK) methods with real-time corrections. Each point
was measured under favorable satellite geometry (typically utilizing more than 20 visible
satellites), ensuring that the resulting positional errors did not exceed several centimeters in
either the horizontal or vertical components. A total of 59 ground points were measured in
the field. To simulate the data-scarce conditions described above, only 6 points were utilized
as Ground Control Points (GCPs) to anchor the models, while the remaining 53 served as
independent Checkpoints (CPs) for rigorous accuracy validation.

The identification of suitable GNSS points required careful selection to represent
identical, well-preserved features that have remained unchanged from the time of the
historical imagery to the present. The selection focused primarily on building corners
and other static anthropogenic objects clearly visible in both the historical and modern
orthophotos. To facilitate the localization of these persistent features, we utilized the official
historical orthophoto map of the Czech Republic, available as a Web Map Tile Service
(WMTS). This map service, created as part of the National Inventory of Contaminated
Sites (NIKM) project in 2010, includes aerial images predominantly from 1952 to 1954
(supplemented with images from 1937 to 1970 and 1996). This intermediate dataset served
as a crucial temporal bridge, allowing us to reliably verify the stability of identical points
between the original 1930s archival imagery and the modern landscape.

2.4. Aerial Laser Scanning (LiDAR Reference Data)

Part of the territory, specifically the area around Raná hill, was also scanned using a
RIEGL VUX-1LR aerial laser scanner (RIEGL Laser Measurement Systems GmbH, Horn,
Austria) mounted on a TL-232 Condor aircraft. This small aircraft, initially modified for
military purposes, is equipped with a specialized sensor bay. Its low cruising speed of
approximately 100 km/h provides optimal parameters for high-density scanning.

The scanned area was flown at approximately 300 m above the terrain, accounting for
local topographic variability. The LiDAR scanner was configured to a pulse frequency of
400 kHz with 81 lines per second (lps). Trajectory refinement via Post-Processed Kinematic
(PPK) methods was performed using PosPac software (version 8.4), and the raw scanner
data was processed in RiProcess (version 1.8.6.18). To generate a reference surface, the
LiDAR point cloud data were interpolated into a raster Digital Elevation Model (DEM)
with a spatial resolution of 0.5 m using the ‘Binning’ method in ArcGIS Pro (version 3.2.1).
The average elevation of all points within each cell was calculated to minimize the influence
of outliers. Gaps without data were filled using linear interpolation to ensure a continuous
surface, and the output raster was stored in floating-point format to retain full elevation
precision. These LiDAR-derived models exhibited a vertical accuracy of ±5 cm and a
horizontal accuracy of ±10 cm, serving as a highly precise, consistent benchmark for
evaluating the accuracy of the models generated from the archival aerial imagery.

2.5. Photogrammetric Processing

The test datasets contain the same 30 images captured from the identical historical
flight mission. However, for each dataset, specific preprocessing parameters were system-
atically varied to assess their impact on the final 3D model. All datasets were processed
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in Agisoft Metashape software (version 2.1.0). The images were aligned using the “High”
accuracy setting, with a key point limit of 80,000 and a Tie point limit of 8000.

For the dense surface reconstruction, Depth Maps were generated with the Depth
Filtering parameter set to “Aggressive”. This filtering level was deliberately chosen to
maximize the removal of noise inherent to the scanned nitrocellulose film, prioritizing
overall surface smoothness and noise suppression over the retention of potential micro-
texture details [26]. Subsequently, Digital Surface Models (DSMs) were generated directly
from the calculated Depth Maps, bypassing the dense point cloud generation step to
streamline the workflow and reduce data redundancy. Interpolation was “Enabled” to
ensure a continuous surface representation. Finally, orthomosaics were generated based on
the respective DSMs. All outputs were processed and georeferenced in the S-JTSK/Krovak
East North coordinate system (EPSG:5514).

Importantly, all datasets were georeferenced and evaluated using the identical work-
flow. The same set of ground control points (n = 6) was used to anchor the models, and
identical processing parameters were applied across all variants. This standardized ap-
proach ensures a reliable assessment of the influence of the varied preprocessing inputs.

2.6. Difference Analysis

To evaluate the performance of the generated DSMs in complex terrain, a spatial
difference analysis was conducted over the hilly area of the test site. Since such undulating
terrain typically lacks identical anthropogenic ground features for discrete control point
measurements, the independent high-resolution LiDAR dataset (see Section 2.4) was used as
a continuous reference. The LiDAR reference surface was subtracted from the DSMs derived
from each historical image dataset to quantify elevation differences and evaluate terrain
representation accuracy. While minor deviations may reflect actual landscape changes
(e.g., vegetation growth or minor erosion) that occurred between the historical imagery
acquisition and the modern LiDAR survey, these changes are temporally constant across all
dataset variants. Consequently, their influence does not compromise the internal validity
of the relative performance comparison among the different preprocessing workflows.

2.7. Statistical Analysis

To rigorously evaluate the accuracy and consistency of the resulting models, multiple
statistical measures were computed for each dataset using the 53 GNSS checkpoints. These
metrics included:

• Root Mean Square Error (RMSE) in X, Y, Z: To assess absolute positional and verti-
cal accuracy.

• Mean and Median Errors: To identify systematic shifts (bias).
• Standard Deviation: To measure the variability and dispersion of the errors.
• Skewness and Kurtosis: To describe the shape and distribution of the error values.
• Shapiro–Wilk test: To test for normality. Values significantly below 1 (p < 0.05) indicate

a non-normal error distribution.
• Paired t-tests: Applied to assess whether the mean vertical and horizontal errors

significantly deviate from zero (indicating systematic bias).
• Global and Local Moran’s I: To evaluate the spatial autocorrelation of errors. High

positive values indicate strong spatial clustering of similar error magnitudes.
• Spearman’s Rank Correlation: A robust non-parametric test [27] used to assess mono-

tonic relationships between terrain elevation and vertical error, without assuming
linearity or being heavily influenced by outliers.
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2.8. Dataset Description and the Fusion Workflows

To systematically isolate the effects of individual preprocessing steps, a total of seven
dataset variants were generated from the original archival imagery. Each dataset builds
upon specific modifications—ranging from basic geometric cropping to advanced AI
denoising—allowing for a controlled evaluation of their impact on the final 3D reconstruc-
tion. All datasets were processed in Agisoft Metashape under identical alignment and
model generation parameters. The seven evaluated datasets are defined as follows:

• Original (Raw): The baseline dataset processed without any modifications. The
raw scans contain unnecessary data (e.g., white scanning backgrounds) and slight
resolution inconsistencies, causing the SfM software to incorrectly categorize the image
block into distinct camera groups.

• Unified: Geometric standardization was performed using GIMP software (ver-
sion 3.0.4). Frame and out-of-frame metadata were removed, and all images were
resized to a common resolution (12,210 × 11,782 pixels), matching the lowest effective
resolution within the block. Images were precisely aligned using fiducial marks to
ensure uniform orientation (Figure 3).

• Unified + Focal Length: Identical to the Unified dataset, but with internal orien-
tation parameters partially constrained. The historically calibrated focal length
(f = 211.09 mm), extracted from the preserved frame metadata, was manually fixed in
the SfM software to prevent erroneous self-calibration (Figure 4).

• Unified + Brightness: Identical to the Unified dataset, with the addition of radiometric
normalization. Image brightness and histograms were unified across the block using
the Adjustment Brush tool in Adobe Lightroom. This step ensured consistent feature
detection during tie-point extraction, especially in darkened areas near the image
edges (Figure 5).

Figure 3. Image adjustment in GIMP using fiducial marks.

 
Figure 4. Determination of focal length and its input into the processing software.
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Figure 5. Details of different brightness levels in the orthophoto—Original dataset (A), brightness-
adjusted dataset (B).

• Unified + AI (Deep Learning Denoising): The Unified images were enhanced using a
deep-learning-based architecture (Topaz DeNoise AI, https://www.topazlabs.com/
tools/denoise-image?srsltid=AfmBOoogBFcOzy0CYo48WGa7I58EPQXUBGNZtrJOe
Hb6PvQgs3ca8s9E, accessed on 14 June 2026), which leverages convolutional neural
networks (CNNs) to differentiate between film grain and legitimate landscape textures.
The “Standard” profile was applied (Noise Reduction: 40, Enhance Sharpness: 57) to
eliminate scanning artifacts (Figure 6).

 
Figure 6. Overview of noise reduction filters in Topaz DeNoise software.

• Fusion AI (The Optimized Workflow): The final evaluated methodology. It sequentially
combines geometric standardization, radiometric normalization, AI denoising, and—
importantly—Geometric Fixation. By strictly constraining the focal length during
the SfM import, the bundle adjustment algorithm is prevented from misinterpreting
the AI-smoothed texture as a change in camera geometry. This multi-step approach
leverages the visual clarity provided by AI while strictly maintaining the geometric
rigidity of the camera model.

• Fusion without AI (Ablation Dataset): A composite dataset integrating geometric
standardization, radiometric normalization, and strict internal orientation constraint
(Focal Length = 211.09 mm). It explicitly omits the AI denoising step to isolate the
impact of deep learning enhancements.

• (Note: The precise configuration of all seven evaluated datasets is summarized in
Table 1, and the detailed software parameters for the processing workflow are pro-
vided in Table S1: Processing parameters and software configurations used in the
evaluated workflows).
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Table 1. Overview of adjusted parameters for each dataset.

Modifications Original Unified Unified, Focal
Length

Unified,
AI

Unified,
Brightness

Fusion
AI

Fusion w/o
AI

Unifying the size ✔ ✔ ✔ ✔ ✔ ✔

Focal length ✔ ✔ ✔

Brightness ✔ ✔ ✔

AI enhancement ✔ ✔

Note: The checkmark symbol (✔) indicates that the respective modification was applied to the dataset.

3. Results
Two complementary approaches were used to assess the quality of the generated

models. The first approach focused on point-based statistical analysis, comparing coordi-
nate differences between GNSS-measured ground checkpoints and corresponding points
derived from the processed imagery. The second approach involved a surface-based differ-
ence analysis, where LiDAR data served as a high-precision reference to evaluate spatial
discrepancies across the validation area.

3.1. Point-Based Statistical Analysis
3.1.1. Absolute Accuracy and Descriptive Statistics

Descriptive statistics were calculated to evaluate the accuracy and distribution char-
acteristics of each dataset on the Check Points (CPs). The results, summarized in Table 2,
reveal distinct performance trends across the tested workflows:

Table 2. Key metrics of each dataset.

GNSS
GCP Original Unified Unified Focal

Length Unified, AI Unified,
Brightness Fusion AI Fusion w/o

AI

RMSE
X 5.558 2.346 2.515 2.566 2.274 2.213 2.156
Y 4.894 4.344 3.851 5.314 3.428 3.480 3.164
Z 13.770 8.410 7.722 16.477 5.686 6.482 5.882

Mean
X −2.65 −0.41 −0.311 −0.762 0.001 −0.063 0.146
Y −2.718 −2.072 −0.311 −1.442 −1.539 −1.643 −1.456
Z −7.735 −2.831 −3.474 4.157 −2.324 −3.234 −2.368

Median
X −1.551 −0.853 −0.599 −0.899 0.331 −0.333 −0.211
Y −1.486 −1.341 −0.599 −1.341 −0.804 −0.917 −0.787
Z −5.163 −0.806 −2.062 −1.798 −2.120 −3.159 −2.256

Std. Dev
X 4.932 2.332 2.520 2.474 2.296 2.233 2.172
Y 4.108 3.854 2.520 5.163 3.092 3.096 2.836
Z 11.501 7.995 6.962 16.097 5.239 5.671 5.436

Skewness
X −1.406 0.155 −0.079 0.305 0.153 0.246 0.162
Y −0.734 −0.817 −0.079 1.259 −1.220 −1.315 −1.449
Z −0.176 −0.570 −0.260 1.308 0.417 0.196 0.292

Kurtosis
X 2.906 0.087 −0.026 −0.217 −0.624 −0.215 −0.756
Y 1.370 1.173 −0.026 6.814 2.457 2.275 2.936
Z −0.468 −0.797 −0.438 1.089 0.643 −0.053 0.288

Impact of Radiometric and Geometric Correction (H1): The application of basic pre-
processing produced lower RMSE values. The “Unified + Brightness” dataset reduced the
overall vertical RMSE (Z) from 13.77 m (Original) to 5.69 m, representing an improvement
of nearly 59%. This confirms that homogenizing brightness and resolution assists the SfM
algorithm in correctly matching features in shadowed or low-contrast areas.
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Performance of AI Denoising (H2 and H3): The “Unified + AI” dataset exhibited the
poorest vertical performance, with an overall RMSE (Z) surging to 16.48 m. This significant
degradation directly supports Hypothesis 2. However, the evaluated “Fusion AI” workflow
(combining AI enhancement with strict focal length fixation) successfully stabilized the
model, achieving an overall RMSE (Z) of 6.48 m, which substantially outperforms the
unconstrained AI results and is comparable to the best non-AI models. This validates
Hypothesis 3.

Figure 7 illustrates the distribution of vertical errors. Notably, the AI-only dataset
exhibits extreme variance and outliers compared to the highly compact distribution of the
“Fusion AI” workflow.

 

Figure 7. Boxplots of X, Y, Z coordinates. The red crosses represent the mean values, and the blue
open circles indicate outliers.

3.1.2. Spatial Distribution of Error (Central Block vs. Peripheral Area)

To further investigate the influence of geometric redundancy, an isolated spatial
evaluation was conducted by dividing the Check Points (31 CPs) into a ‘sufficient overlap’
zone (the central block) and a ‘weak edge control’ zone (peripheral area, 22 CPs), see
Figure 8. The analysis revealed that the models behave differently depending on image
overlap, see Table 3.
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Table 3. Quantitative comparison of geometric accuracy (RMSE in meters) for all processing work-
flows, explicitly separated into the sufficient overlap zone (center) and the weak control area.

GNSS
GCP Original Unified Unified Focal

Length
Unified,

AI
Unified,

Brightness Fusion AI Fusion
w/o AI

RMSE
peripheral

X 7.979 2.529 2.793 2.515 2.602 2.415 2.313
Y 6.447 6.301 5.432 7.774 5.032 4.956 4.500
Z 18.203 11.372 10.568 23.546 7.665 8.790 7.900

RMSE
central
block

X 2.727 2.205 2.265 2.602 2.194 2.048 2.025
Y 3.085 2.003 2.127 2.359 1.479 1.815 1.668
Z 9.663 5.464 4.838 8.539 3.707 4.051 3.882

In the central zone, the geometric stability was generally better, with the evaluated
“Fusion AI” workflow achieving a central vertical RMSE (Z) of 4.05 m. However, the true
impact of the workflows became starkly apparent in the weak edge control zones. Here, the
unconstrained AI enhancement (“Unified + AI”) experienced catastrophic geometric fail-
ure, with the vertical RMSE surging to 23.55 m. In contrast, the geometrically constrained
“Fusion AI” workflow successfully mitigated this severe edge distortion, maintaining a sub-
stantially lower edge RMSE of 8.79 m. This demonstrates that enforcing strict camera priors
appears to be an important factor for stabilizing AI-enhanced models in peripheral areas.

Figure 8. Spatial distribution of image overlap and camera locations (black dots). The diagonally
hatched area delineates the boundary of the central block (sufficient overlap zone) from the periph-
eral area.

3.1.3. Error Distribution and Spatial Autocorrelation

To assess the nature of the errors, the Shapiro–Wilk test was applied (Table 4). The
majority of datasets (particularly for Y and Z coordinates) yielded p-values significantly
below 0.05, indicating a non-normal error distribution. This deviation from normality is
consistent with the “metadata vacuum” context; without precise camera calibration, the
photogrammetric block is prone to systematic deformations (e.g., doming or warping)
rather than purely random Gaussian noise. The “Fusion AI” dataset maintained similar
distribution characteristics to the standard “Unified” datasets, suggesting that the integra-
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tion of AI did not introduce unpredictable distribution anomalies when the focal length
was constrained.

Statistical comparisons were performed to support the interpretation of observed dif-
ferences among workflows. Given that several datasets deviated from normality according
to the Shapiro–Wilk test, inferential statistics were interpreted cautiously and used primar-
ily as complementary evidence rather than as the sole basis for methodological conclusions.
The primary evaluation criteria remained effect magnitude (RMSE), spatial error structure,
and consistency across independent validation metrics. Given the sample size of n = 53
(df = 52), p-values were calculated to evaluate the robustness of the accuracy improvements.

Table 4. Statistical evaluation of error distributions: normality testing (Shapiro–Wilk) and systematic
bias assessment (t-test).

GNSS GCP Original Unified Unified Focal
Length

Unified,
AI

Unified,
Brightness Fusion AI Fusion

w/o AI

Shapiro–
Wilk (W)

X 0.898 *** 0.987 0.993 0.976 0.980 0.983 0.973
Y 0.941 ** 0.922 *** 0.939 ** 0.804 *** 0.852 *** 0.867 *** 0.845 ***
Z 0.957 0.916 0.939 0.939 0.862 0.991 0.983

t-test (t)
X −3.913 *** −1.282 *** −0.898 *** −2.241 ** 0.004 −0.205 0.489
Y −4.817 *** −3.913 *** −4.503 *** −2.033 ** −3.623 *** −3.864 *** −3.737 ***
Z −4.896 *** −2.578 ** −3.633 *** 1.880 ** −3.230 *** −4.152 *** −3.171 ***

Statistical significance: ** p < 0.05, *** p < 0.01, for all evaluated datasets, the sample size is n = 53, yielding degrees
of freedom df = 52 for the t-tests.

Global Moran’s I analysis revealed a statistically significant clustered spatial pattern
across all datasets (Index > 0.7 for Z coordinates, p < 0.01)(Table 5). This positive spatial
autocorrelation suggests the presence of spatially structured reconstruction error, consistent
with block deformation under weak geometric conditions. While the “Unified + AI”
dataset showed the highest clustering intensity (Index = 0.963), the “Fusion AI” workflow
(Index = 0.774) aligned with the baseline methods. This suggests that Fusion does not
substantially increase spatial error clustering.

Table 5. Global Moran’s indices of model errors.

GNSS
GCP Original Unified Unified Focal

Length
Unified,

AI
Unified,

Brightness Fusion AI Fusion w/o
AI

Morans
index

X 0.517 *** 0.374 *** 0.334 *** 0.805 *** 0.380 *** 0.774 *** 0.408 ***
Y 0.662 *** 0.590 *** 0.616 *** 0.646 *** 0.598 *** 0.359 *** 0.520 ***
Z 0.796 *** 0.852 *** 0.805 *** 0.963 *** 0.762 *** 0.718 *** 0.774 ***

Statistical significance: *** p < 0.01.

3.1.4. Correlation with Terrain Elevation

Spearman’s rank correlation was computed to assess whether vertical errors were
dependent on terrain elevation (Table 6):

Robustness of Standard Methods: Most datasets showed weak or negligible correlation
(values < 0.25), indicating that accuracy remained relatively stable across both valley floors
and hilltops.

AI Artifacts on Terrain Features: A significant exception was the “Unified + AI”
dataset, which exhibited a strong negative correlation between vertical error and terrain
elevation (−0.667, p < 0.01). This indicates a systematic trend where higher altitudes were
underestimated, while depressions were overestimated (over-smoothing). In contrast,
the “Fusion” workflow mitigated this dependency (correlation = 0.212), demonstrating a
consistent error distribution across the entire elevation gradient.
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Table 6. Elevation independence.

GNSS GCP Original Unified Unified Focal
Length Unified, AI Unified,

Brightness Fusion AI Fusion w/o
AI

Spearmans
coefficient 0.142 0.081 0.072 −0.667 *** 0.201 0.156 0.212

Statistical significance: *** p < 0.01.

3.2. Visual Quality of Orthomosaics

Beyond 3D geometric accuracy, preprocessing showed improved reconstruction of the
2D outputs. The orthomosaic generated from the brightness-adjusted dataset provided a
more coherent and visually consistent representation of the terrain, with fewer distortions
compared to the alternative datasets. As shown in Figures 9 and 10, brightness adjustment
enhances overall interpretability, whereas unconstrained datasets exhibited visible artifacts.

 
Figure 9. Close-up view of the area shown in Figure 5—Original dataset (A), brightness-adjusted
dataset (B).

Figure 10. Difference between the quality of DSMs—Original dataset (A) and with brightness
adjustment (B).

Visual Confirmation: The “Original” dataset displays large, systematic deformations
characteristic of unstable block geometry. In contrast, the “Unified + Focal Length” dataset
and the “Fusion with AI” dataset exhibit reduced deviations, confined mostly to localized
vegetation patches. Conversely, the “Unified + AI” dataset aligns with the limited-control
scenario, showcasing extreme surface warping (Figure 11).
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Figure 11. Deformation of the same building modeled from different datasets—Unified dataset (A),
Unified+AI dataset (B), Original dataset (C).

3.3. Surface-Based Difference Analysis

Difference analyses were performed by subtracting the generated DSMs from the
reference LiDAR DSM to visualize and quantify continuous spatial error patterns across
the complex terrain (Figure 12).

 

Figure 12. Difference between the quality of the Original dataset (A) and with brightness adjust-
ment (B).
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Table 7 quantifies the performance of all tested methods across the continuous raster.
The lowest standard deviation (Std. Dev. = 3.46 m) is observed for the “Unified + Fo-
cal Length” method, indicating superior consistency compared to the “Original” dataset
(Std. Dev. = 9.02 m). The “Unified + AI” method exhibits the highest variability (Std. Dev.
= 15.42 m), reinforcing the GNSS findings. The comparable performance of the Fusion AI
workflow suggests that AI-based restoration can be incorporated without severe geometric
penalties when combined with geometric constraints. While no clear geometric improve-
ment over conventional preprocessing was observed, the workflow preserved acceptable
reconstruction stability while maintaining the visual advantages of image enhancement.

Table 7. Overview of Standard Deviations for each dataset.

Original Unified Unified Focal
Length Unified, AI Unified,

Brightness Fusion AI Fusion w/o
AI

Std. Dev. 9.023 4.342 3.457 15.422 3.536 4.427 3.541

4. Discussion
This study presents a structured evaluation of preprocessing techniques applied to

archival aerial imagery, with a focus on improving the accuracy of derived geospatial prod-
ucts. Two complementary methods were employed to assess model quality: (1) point-based
analysis using GNSS-derived checkpoints (CPs), and (2) area-based difference analysis
using high-resolution LiDAR data as a reference. The LiDAR dataset was processed sys-
tematically (see above), ensuring consistency across the analyses. Furthermore, any actual
terrain changes that may have occurred between the acquisition dates of the datasets and
the LiDAR survey are constant for all datasets; thus, they do not distort the relative com-
parison of model variants. This dual approach enables both local precision evaluation and
an assessment of broader spatial consistency across varied terrain.

All datasets were processed and evaluated using an identical georeferencing workflow,
ensuring consistency and comparability. A fixed set of six ground control points (GCPs) was
used to anchor the models, while 53 CPs were utilized for independent validation. Although
the number of ground control points used in this study is limited (n = 6), this constraint
reflects real-world conditions encountered in historical terrain reconstruction rather than a
methodological simplification. In areas affected by large-scale land reshaping, the majority
of historically visible reference features no longer exist. The use of a small but carefully
selected GCP set, therefore, represents a pragmatic compromise between geometric stability
and data availability. The emphasis of this study is placed on relative accuracy assessment
and comparative evaluation of preprocessing workflows, not on achieving maximum
absolute positional accuracy. This distinction is critical, as the primary objective is to
determine which preprocessing strategies most effectively preserve terrain morphology
under constrained georeferencing conditions. We acknowledge that model behavior may
depend on GCP spatial configuration. The present study uses one carefully selected control
configuration representative of realistic persistent-feature availability. Sensitivity analysis
across alternative GCP distributions remains an important direction for future work.

Each of the seven datasets consisted of 30 scanned images from the same flight mission.
These images were captured with consistent camera specifications and spatial coverage.
Although a forward overlap of 60% and a side overlap of 30% is generally recommended,
actual overlap levels within the dataset varied considerably. In particular, the final image
row exhibited markedly lower coverage, which could compromise the reliability of 3D
reconstruction in those areas. This limitation underscores the importance of applying
comprehensive preprocessing techniques—such as resolution unification, brightness correc-
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tion, and the inclusion of internal orientation parameters—to compensate for insufficient
geometric redundancy and ensure consistent model quality across the entire image chunk.
Similar challenges related to inconsistent overlap and physical degradation have been
reported by Whiteside et al. [25] and Lu et al. [17], who emphasize the need for robust pre-
processing to mitigate these effects. An evaluation of the image footprint density revealed
that actual overlap levels within the datasets varied considerably. While the central portion
of the block ensures sufficient stereoscopic coverage, reduced overlap in the terminal image
rows necessitates the application of compensatory preprocessing steps to ensure uniform
model accuracy.

A key limitation is the absence of original exterior orientation (EO) data—such as
image positions or flight log orientations—which were neither available nor imported into
the project. As a result, initial camera locations were estimated solely by image alignment
using the Structure-from-Motion (SfM) process. This omission may have introduced minor
geometric distortions into the reconstructions. However, since all datasets were aligned
and evaluated under the same conditions, these small inaccuracies do not affect the internal
validity of the comparative analysis.

To facilitate a clear overview of the preprocessing strategies tested, Table 1 summa-
rizes the presence or absence of specific modifications for each dataset. The evaluation
results confirm that basic preprocessing steps such as resolution unification and bright-
ness correction can lead to meaningful improvements in model accuracy, both statistically
and visually. These modifications enhance consistency across the image set, reduce local
distortion, and improve the alignment process. More broadly, these results indicate that
in archival aerial photogrammetry, radiometric normalization of scanned imagery often
plays a more critical role for model stability than advanced image enhancement methods,
particularly in situations where camera calibration data and dense ground control networks
are unavailable.

Conversely, AI-based denoising alone—while visually appealing—tended to smooth
important terrain features, resulting in degraded vertical accuracy. This observation aligns
with recent work by Lu et al. [17], who caution that aggressive noise reduction may
compromise the preservation of fine topographic details. However, its integration within
a broader preprocessing workflow (“Fusion AI” dataset) showed substantial recovery of
geometric performance, confirming that such enhancements should be applied judiciously
and in combination with other corrective measures.

Beyond texture enhancement and noise reduction, artificial intelligence offers further
potential in the radiometric restoration of historical imagery through automated coloriza-
tion. Recent research has explored the adaptation of deep learning architectures, such
as the Hyper-U-Net [28], specifically for the Czech landscape [29]. While such methods
substantially enhance the visual interpretability of vanished landscapes for historical geog-
raphy and public presentations, their integration into rigorous photogrammetric workflows
remains challenging. As demonstrated in our results, even subtle AI-induced radiometric
hallucinations can lead to severe geometric distortions (flattening of relief). Therefore, while
AI colorization represents a promising future direction for visual heritage documentation,
strict geometric constraints—as evaluated in our Fusion AI workflow—must remain a
priority for scientific terrain reconstruction.

Lastly, this study illustrates the importance of transparent and replicable preprocessing
workflows when working with scanned historical aerial imagery. While certain limitations
persist—such as missing camera calibration or flight metadata—the consistent methodology
and rigorous comparative evaluation employed here provide robust insights into the
influence of individual preprocessing steps on final model quality. The results contribute to
the growing body of literature advocating for standardized, reproducible approaches in
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historical photogrammetry [14,16], and offer a practical workflow for similar projects in
heritage and environmental research.

5. Conclusions
This study evaluated the influence of multiple preprocessing strategies on the quality

of Digital Surface Models (DSMs) and orthomosaics generated from scanned archival aerial
imagery under conditions of incomplete metadata and limited ground control availability.

The results demonstrate that conventional radiometric preprocessing methods, partic-
ularly image unification and brightness correction, provide substantial improvements in
reconstruction quality and remain highly effective under historical low-control conditions.
This supports Hypothesis 1 and confirms that relatively simple preprocessing operations
can improve reconstruction reliability.

The experiments further revealed that AI-based denoising applied without geometric
constraints may substantially degrade vertical reconstruction accuracy despite improving
visual appearance. This observation supports Hypothesis 2 and highlights the sensitivity
of Structure-from-Motion reconstruction to modifications of fine image texture.

At the same time, the results indicate that introducing geometric constraints—
particularly focal length fixation—can substantially reduce the negative effects associated
with AI preprocessing. The Fusion AI workflow maintained acceptable geometric stability
(RMSE Z = 6.48 m) while preserving the visual benefits of image enhancement. However, no
consistent geometric improvement over the strongest conventional preprocessing workflow
was observed. Therefore, Hypothesis 3 is considered partially supported.

Overall, the findings suggest that the primary determinant of reconstruction quality
in historical aerial photogrammetry remains geometric consistency rather than aggressive
image enhancement. AI-based restoration should therefore be treated as a complementary
rather than dominant preprocessing component when working with archival imagery.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/app16126237/s1. Table S1: Processing parameters and software
configurations used in the evaluated workflows.
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