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Abstract 

 

Coastal environments present a challenge to traditional hydroacoustic methods (e.g. echo sounders) primarily due to their very shallow 

depth. Therefore, fast and effective methods of reconstructing the seafloor morphology are needed. This study aimed to evaluate the 

accuracy, uncertainty and reliability of the proposed UAV–SfM-based processing with geometric refraction correction for detecting 

morphological changes in a controlled shallow-water environment. The analysis focused on the impact of flight altitude (12 m and 61 

m), water surface modelling and uncertainty propagation on classifying erosion, accumulation and non-change zones. Four UAV data 

acquisition campaigns were conducted. Total uncertainty was defined as a combination of instrumental errors, photogrammetric model 

accuracy, and water surface determination accuracy. Based on this, the LoD95 thresholds used for change detection with the M3C2 

method were calculated. The obtained LoD95 values confirmed that changes exceeding ~2–3 cm can be reliably detected. The 

classification consistency between data sets obtained from low and high flight height reached an average overall accuracy of 77%, 

proving the stability and robustness of the developed process. These results demonstrate the efficiency and repeatability of the proposed 

workflow, which allows for the quantitative assessment of morphological changes in controlled shallow water conditions, with potential 

applications in similar natural environments. 

 

1. Introduction 

It is estimated that around 30–40% of the global population lives 

in coastal areas (up to 50 km from shore), highlighting the 

importance of understanding geological processes in these 

regions. Coastal environments undergo frequent and dynamic 

changes caused by waves, tides and currents. Changes in seafloor 

morphology are particularly evident after extreme events such as 

storms or tsunamis. Monitoring these areas for changes such as 

erosion and deposition is crucial for effective management and 

ensuring navigation safety, as well as for assessing the risks 

associated with extreme phenomena. 

 

Traditional techniques for mapping marine areas include the use 

of single- and multi-beam echo sounders, as well as sonars. 

However, due to depth measurement limitations, alternative 

methods such as image- and LiDAR-based bathymetry are 

increasingly being used for shallow water areas (Kujawa & 

Remondino, 2025). These sensors are usually mounted on aerial, 

airborne or satellite platforms. However, due to cost and time 

efficiency considerations, drone-based imaging has emerged as a 

more optimal solution. 

 

Monitoring coastal areas with passive sensors is feasible under 

certain conditions. Primarily, the water must be sufficiently clear, 

with the seafloor visible. Additionally, it is advisable to capture 

images during calm weather conditions, particularly when the 

water surface is undisturbed by wind. Finally, the position of the 

sun should be near the horizon to minimize the effects of sun 

glints in the images.  

 

One of the main challenges in processing photogrammetric data 

for underwater applications is refraction correction. A wide range 

of methods have been developed in the literature, including 

geometric approaches (Dietrich, 2017), integrated radiometric-

geometric techniques (Slocum et al., 2020), and deep learning-

based methods (Agrafiotis & Demir, 2025).  

 

Provided that uncertainties are verified and corrected, the 

resulting 3D model of the seafloor can accurately reflect its actual 

morphology. This enables the model to be used for further 

geomorphological and environmental analyses. Popular 

applications of these models include detecting erosional and 

depositional patterns (Alevizos & Alexakis, 2022), monitoring 

the evolution of nearshore sandbars (Alevizos, 2024) and 

mapping coastal habitats (Ventura et al., 2023).  

 

The detection of morphological changes mainly focuses on land 

areas. In the study by Pucino et al. (2021), the authors analysed 

the dynamics of changes in open and bay beaches using 

quantitative volume and profile analysis methods. They also 

developed a set of indicators to assess beach topography 

dynamics. Another study, by Brunetta et al. (2021), discussed the 

use of drones in coastal wetlands. The researchers examined 

morphological changes in tidal flats and assessed the accuracy of 

Digital Surface Models (DSMs) used in morphodynamic 

analyses. Leisner et al. (2024) used the M3C2 (Multiscale Model-

to-Model Cloud Comparison) algorithm to analyse changes to the 

coastal landscape and estimate volume changes based on digital 

surface models. 

 

Researchers have also addressed the topic of quantifying 

geomorphological changes in underwater areas. In the paper by 

Woodget et al. (2019), the authors emphasised that such changes 

can be detected with a level of accuracy comparable to that 

achieved in terrestrial environments, without the need for 

different approaches. He et al. (2021) compared digital elevation 

models by creating difference models (DoDs) to evaluate 

changes in lake topography before and after an earthquake. In 

summary, a wide range of analytical methods are employed to 

evaluate morphological changes in topographic and shallow-

water environments. Differential models are the most common 

method of quantitatively determining sediment changes over 

time, although point cloud comparison, including the M3C2 

method, is also becoming more popular. 
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The results obtained from data processing are subject to 

measurement uncertainties, and accounting for these errors 

allows for a more reliable characterization of the analyzed 

topography. In the study by Duo et al. (2021), the researchers 

investigated short-term changes in artificial dunes. In their 

analysis, they considered the change detection threshold (TCD), 

which was approximately 0.15 m. This enabled them to 

distinguish between actual morphological changes and changes 

resulting from the uncertainty of the elevation data. Another 

study, by Woodget et al. (2019), focused on analysing 

measurement uncertainties associated with the reconstruction of 

submerged topography in coastal areas. The authors modelled 

errors in DEM accuracy obtained using machine learning, based 

on the relationships between error and independent variables 

such as water surface elevation, terrain slope, vegetation, surface 

roughness, measurement point density and image sharpness. 

They also demonstrated that improving estimates of water 

surface elevation is essential for accurately mapping underwater 

topography, reducing mean elevation error by up to 73% and 

standard deviation by up to 69%. 

 

This study, which was conducted under controlled marine 

conditions, aimed to evaluate the effectiveness of using UAV 

photogrammetry to detect morphological changes in shallow 

waters. The study examined how drone flight altitude (12 m or 

61 m) impacted the accuracy of bathymetric reconstruction and 

the effectiveness of refraction correction. The ability to detect 

morphological changes in the coastal zone was also investigated. 

Specifically, the extent to which various acquisition parameters 

(e.g. flight altitude and Ground Sampling Distance (GSD)) and 

environmental conditions affect the accuracy of depth models, 

the uncertainty of water surface determination, and the quality of 

seafloor change classification was analysed. As part of the 

research, results obtained for pairs of scenarios with different 

flight heights were compared; the LoD95 threshold for detecting 

changes was determined; and the consistency of erosion, 

accumulation and no-change zone classifications was assessed. 

 

2. Study area and dataset 

The experiment was performed in a finite-sized water reservoir 

with dimensions 7.3 m × 3.7 m and a maximum depth of 1 m. It 

replicates the shallow water of a coastal area (see Figure 1). The 

bottom of the tank is composed of river sand and rocks 

(aggregate). The water is highly transparent, ensuring full 

visibility of the bottom. The water depth is maintained at 

approximately 0.8 m 

 

 
Figure 1. A study site with a pool simulating shallow waters. 

 

The UAV photogrammetric survey was taken using DJI Mavic 

3M drone equipped with a RGB camera. Images were captured 

from a nadir position at heights of approx. 12 m and 61 m, at a 

flight speed of 2 m/s. The sensor records images with a resolution 

of 20 MP and a size of 5280 x 3956 pixels, with a focal length of 

12.29 mm. Measurements were conducted for five scenarios 

simulating morphological changes, taking into account both 

erosion and sedimentation processes. The tank bottom 

morphology was modified by controlled addition or removal of 

material (sand and aggregate).  

 

Six ground control points (GCPs), which were located around the 

pool, and two check points (CPs) (i.e. underwater points inside 

the facility), were used to assign georeferences. GCPs were 

measured with a total station, achieving 5″ angular accuracy and 

2 mm + 2 ppm in distance. CPs were acquired using GNSS RTK 

with a Leica GS18 T, delivering single-baseline accuracies of 8 

mm + 1 ppm horizontally and 15 mm + 1 ppm vertically. Water 

depth was measured independently at several locations within the 

reservoir to calculate the average water level. The depth of the 

points was estimated using a linear measure with an accuracy of 

about 3 mm. In addition, two longitudinal profiles were captured 

during each measurement series. 

 

3. Methods 

The methodology for acquiring and processing data on the 

underwater area in order to detect morphological changes is 

shown in Figure 2. 

 

 

Figure 2. Graphical schema of data acquisition and processing. 

 

The RGB imagery obtained from the UAV survey was subjected 

to photogrammetric processing in accordance with standard 

procedures, including: (i) identification and introduction of GCPs 

and CPs; (ii) image orientation; (iii) generation of sparse and 

dense point clouds; (iv) orthomosaic creation. 

 

Next, the pyBathySfM geometric approach (Dietrich, 2019) 

proposed by Dietrich (2017) was used to perform refraction 

correction. This method was tested by the authors, among others, 

in the work of Kujawa et al. (2025), achieving an accuracy of 3-

5 centimetres (average value based on echo-sounder data and 

GNSS measurements) at an average depth of approx. 1.2 m. 

 

An additional step was taken - the area was manually divided into 

segments based on the created orthomosaics. This allowed the 

distinction between sandy and rocky zones, improving the 

interpretation and understanding of morphological changes. 

 

The final step in the proposed methodology was change 

detection. Before morphological changes can be classified as 

erosion, deposition or no change, a level of detection (LoD) 

should be determined to define value classes. As each scenario's 

product is subject to uncertainty, errors between epochs are 

propagated. For each pair of epochs, the two-sided 95% LoD 

(Lague et al., 2013) is:     
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𝐿𝑜𝐷95 = 1.96√𝜎𝑧,𝑖
2 + 𝜎𝑧,𝑖+1

2
 

(1) 

 

A separate registration term was not included because all epochs 

were solved in the same global reference frame and co-registered 

on stable ground. 

 

The uncertainty for each epoch is distributed as follows:  

𝜎𝑧,𝑖 = √𝜎𝑆𝑓𝑀,𝑧,𝑖
2 + 𝜎𝑊𝑆,𝑖

2  (+𝜎𝑟𝑒𝑓,𝑖
2 ) (+𝜎𝑒𝑛𝑣,𝑖

2 )
 

(2) 

where: 

𝜎𝑆𝑓𝑀,𝑧,𝑖 - vertical uncertainty from the photogrammetric 

processing, 

𝜎𝑊𝑆,𝑖 - uncertainty of the mean water surface used for refraction 

correction, 

𝜎𝑟𝑒𝑓,𝑖 - refractive-index (𝑛) uncertainty, 

𝜎𝑒𝑛𝑣,𝑖- optional environmental factors (e.g., turbidity, waves, sun 

glint). 

 

The GCP RMSE Z value was used to calculate the 

photogrammetric processing error. The uncertainty of the water 

surface was assessed from the instrumental errors and the number 

of points used to estimate the mean water level:  

𝜎𝑊𝑆,𝑖 = √𝜎𝐺𝑁𝑆𝑆
2 + 𝜎𝑑𝑒𝑝𝑡ℎ

2

𝑛

 

(3) 

where: 

 𝜎𝐺𝑁𝑆𝑆  - the vertical GNSS error for the bottom point, 

𝜎𝑑𝑒𝑝𝑡ℎ - the accuracy of the depth measurement, 

The uncertainty of refraction correction (𝜎𝑟𝑒𝑓,𝑖) was omitted due 

to the negligible impact of refraction error in very shallow water. 

Environmental uncertainty (𝜎𝑒𝑛𝑣,𝑖) was disregarded as well 

because the water was clear, with no sun glints or surface chop. 

 

Finally, the classification was as follows: 

- deposition: Δz > LoD95, 

- no change: Δz ≤ LoD95 and Δz > −LoD95, 

- erosion: Δz < −LoD95. 

 

Morphological changes (Δz) were determined by comparing two 

point clouds using the M3C2 algorithm. The algorithm works 

directly on point clouds, eliminating the need to create a mesh or 

grid. It calculates the local distance between two point clouds 

along the surface's normal direction and tracks changes in surface 

orientation in 3D. Depending on the roughness of the point 

clouds and the registration error, the algorithm estimates a 

confidence interval for each distance measurement (Lague et al., 

2013).  

 

In the final stage, seafloor cross-sections were extracted along 

fixed transects for both survey periods. This enabled clear 

visualisation of elevation changes and supported the 

interpretation of key morphodynamic processes. 

 

4. Results 

Photogrammetric processing was performed in Agisoft 

Metashape Professional, version 2.2.1. Localization of each GCP 

is shown in Figure 3. The quality metrics are summarised in 

Table 1. There is a noticeable variation in RMSE values between 

scenarios, probably due to differences in environmental 

conditions during data collection. Although the measurements 

were performed in a repeatable manner using the same 

methodology and equipment, some days were cloudy while on 

others there were local sun glints on the water's surface. As the 

control points were located in the reservoir, their position in the 

images was subject to refractive error and variable lighting 

conditions. For this reason, and due to the difficulty in clearly 

determining the depth of the control points, the Z component was 

not included in the accuracy assessment. 

 

 
Figure 3. The study site with the location of the GCPs, CPs and 

profile’s points. 

 

Scenario  

No. 

Flight 

height 

[m] 

Number 

of 

images 

GSD 

[mm/ 

pix] 

GCPs 

XYZ 

RMSE 

[mm] 

CPs 

XY 

RMSE 

[mm] 

1a 12.4 100 3 5 13 

1b 61.3 16 16 8 13 

2a 12.4 100 3 14 14 

2b 61.2 16 16 10 16 

3a 12.4 93 3 10 15 

3b 61.2 16 16 11 15 

4a 12.5 104 3 9 15 

4b 61.4 16 16 10 14 

Table 1. Key quality metrics for photogrammetric processing. 

 

For each scenario (1, 2, 3, 4), the water level was determined by 

adding the measured depth to several underwater points obtained 

using the GNSS RTK technique and then averaging their values. 

The standard deviations of the calculated water levels ranged 

from 2 to 6 mm. This confirms that water levels remained stable 

throughout all periods. The lowest standard deviation (2 mm) was 

obtained in scenario 2, where the water level was calculated 

based on five points with very similar values. The highest 

deviation (6 mm) occurred in epoch 4, potentially due to the 

lower accuracy of the ruler measurement. 

 

Refraction correction followed the geometric pyBathySfM 

approach of Dietrich (2017, 2019). A separate true depth is 

determined for each refraction angle, and the average of all the 

results is considered the most reliable. To minimise errors, the 

calculations included only data where the refraction angle was 

less than 35 degrees from the nadir, as in the work of Woodget 

et. al. (2019). Table 2 presents the corrected depth statistics 

obtained at different epochs. Each pair of scenarios (1a–1b, 2a–

2b, 3a–3b, and 4a–4b) presents data collected during the same 

acquisition under identical water level conditions, differing only 

in flight altitude. The corrected depth ranges are similar in each 

pair. The average depth values differ by no more than 19 mm, 

and the maximum depth differences are less than 21 mm. 

However, differences in minimum depths, in some cases reaching 

84 mm, are likely due to differences in the coverage area of the 

reservoir or less image overlap at higher flight altitudes. 
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Scenario 

No. 

Min depth 

[m] 

Mean depth 

[m] 

Max depth 

[m] 

1a 0.544 0.791 0.900 

1b 0.550 0.783 0.879 

2a 0.447 0.789 0.901 

2b 0.363 0.770 0.897 

3a 0.520 0.787 0.936 

3b 0.545 0.781 0.878 

4a 0.520 0.781 0.934 

4b 0.538 0.789 0.917 

Table 2. A summary of the corrected depth ranges for different 

scenarios. 

 

The corrected point clouds were then compared with the GNSS-

measured profiles (included in Figure 3). The results of this 

comparison are shown in Table 3. An accuracy assessment based 

on bottom profiles revealed a negative ΔZ following refraction 

correction, with respective averages of −20 mm and −32 mm for 

low and high flights, and standard deviations of 11 mm and 27 

mm, respectively. For each pair (a and b), the flight at a higher 

altitude resulted in a more negative bias and greater dispersion. 

This can be attributed to the influence of a greater GSD and lower 

reconstruction precision. The best fit was obtained in scenario 2a, 

with an average bias of −11 mm and a standard deviation of 7 

mm. The largest dispersion was observed in scenario 3b, with an 

average bias of −38 mm and a standard deviation of 38 mm. 

 

Scena- 

rio  

No. 

Flight 

height 

[m] 

No. of 

points 

Mean  Median Std. dev.  

vertical difference ΔZ [mm] 

1a 12.4 17 -13 -12 11 

1b 61.3 10 -24 -22 22 

2a 12.4 29 -11 -9 7 

2b 61.2 23 -34 -32 21 

3a 12.4 26 -28 -27 12 

3b 61.2 25 -38 -34 38 

4a 12.5 25 -28 -24 13 

4b 61.4 25 -31 -25 28 

Table 3. Assessment of the accuracy of refraction-corrected 

point clouds using bottom profiles. 

 

In the next stage, the LoD95 was calculated for each pair of epochs 

and used as the threshold to classify morphological changes. The 

results obtained for the uncertainties are presented in Table 4. 

Morphological changes were analysed using the M3C2 method 

to compare scenarios with different flight altitudes. The results of 

the identified zones of erosion, no changes and deposition are 

shown in Figure 4. The photogrammetric uncertainty values 

(𝜎𝑆𝑓𝑀,𝑧) and water surface model error values (𝜎𝑊𝑆,𝑖) for each 

scenario range from 3 to 11 mm, confirming the high quality of 

the reconstruction. The LoD95 values determined for the 

compared pairs of scenarios range from 25 to 35 mm. Lower 

thresholds (25–27 mm) were obtained for flights at lower 

altitudes (scenarios a), while higher thresholds (32–35 mm) were 

observed for flights at higher altitudes (scenarios b). This 

suggests that the model's accuracy and capacity to detect subtle 

morphological changes decrease with increasing flight altitude. 

This is consistent with the discrepancies observed in the accuracy 

of control points and the outcomes of bottom profile 

comparisons.  

 

 

 

 

 

 

 
Figure 4. Morphological change detection between scenarios: 

(a) no. 1a and 2a; (b) no. 1b and 2b; (c) no. 2a and 3a; (d) no. 2b 

and 3b; (e) no. 3a and 4a; (f) no. 3b and 4b. 
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Comp

a- 

rison 

𝜎𝑆𝑓𝑀,𝑧1 

[mm] 

𝜎𝑆𝑓𝑀,𝑧2 

[mm

] 

𝜎𝑊𝑆1 

[mm

] 

𝜎𝑊𝑆2 

[mm

] 

𝜎𝑧1 

[mm

] 

𝜎𝑧2 

[mm

] 

LoD

95 

[mm

] 

1a-2a 3 8 11 8 12 11 32 

1b-2b 7 9 11 8 13 12 35 

2a-3a 8 4 8 7 11 8 27 

2b-3b 9 11 8 7 12 13 35 

3a-4a 4 7 7 8 8 10 25 

3b-4b 11 8 7 8 13 11 34 

Table 4. Key quality metrics for photogrammetric processing. 

 

 

Figure 5. Map of location cross-sections for morphological 

changes detection. 

 

 

 

 
Figure 6. Cross-sections: (a) A-A’; (b) B-B’; (c) C-C’. 

 

Another product used to detect morphological changes was a set 

of bottom surface cross-sections, which provided a more detailed 

insight into the dynamics of change. Figure 5 shows the spatial 

distribution of the cross-sections, while Figure 6 presents the 

cross-sections generated for each pair of epochs, grouped 

according to the flight altitude of the UAV. Comparing sets a and 

b between individual scenarios shows that the detectability of 

erosion and accumulation zones in aggregate areas is consistent 

in both cases. However, differences appear in sandy areas, where 

greater discrepancies in the classification of morphological 

changes were observed. 

 

5. Discussion 

Image-based UAV bathymetry can only be used when the water 

is clear enough to see the seafloor. Figure 7 shows an area 

affected by turbidity that could not be reconstructed during 

processing. For comparison, an area of clear water and its 

corresponding reconstruction are also shown. It is important to 

emphasise the limitations of this method. 

 

 
Figure 7. Turbidity analysis showing UAV-acquired images (a, 

c) and their corresponding orthomosaic views (b, d). 

 

One of the most important issues in the proposed processing 

method is the reliable determination of the area of the water 

surface. Various methods are employed in practice, ranging from 

shoreline-based estimation and point measurement of the 

seafloor with depth readings to determining the water level based 

on a photogrammetric model or other technologies, such as 

LiDAR. Due to the focus of the methodology on time and cost 

efficiency, and the absence of a natural shoreline at the analysed 

facility, the point method (GNSS RTK + depth) was employed, 

based on an average of 2–5 points per scenario. Standard 

deviations of the water level of 2–6 mm were obtained, 

confirming the stability of the conditions during measurement 

and enabling reliable refraction correction. However, this method 

assumes a uniform water level. Therefore, if there is a risk of 

inclination, it is recommended that the number of points be 

increased and the water level plane be adjusted. 

 

Refraction correction is an important step in processing image-

based bathymetric data, providing the actual depth of the 

reservoir bed. While the scientific literature describes various 

approaches, this study opted for a well-established geometric 

method, which allows for fast and efficient processing without 

the need for advanced statistical calculations. The obtained depth 

values were compared with GNSS point measurements, resulting 

in average errors ranging from 11 to 38 mm and a standard 

deviation ranging from 7 to 38 mm at an average depth of 

approximately 0.8 m. Considering the accuracy of the GNSS 

instrument (15 mm + 1 ppm vertically) and other sources of 

uncertainty, these results are very good and fully acceptable for 

UAV bathymetry in shallow waters. 

 

Measurement uncertainties are a key element in the processing 

that determines thresholds (LoD95) for classifying erosion, 

deposition and no change. The studies primarily considered 

instrumental and photogrammetric processing errors, as well as 

the uncertainty of the water surface model. These errors were 
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then propagated to the LoD95 values. Errors with little impact, 

such as refraction errors, were omitted. 

 

The resulting classes of morphological change were used to 

compare pairs of scenarios and are presented in map form. The 

visual results are consistent with the assumed morphological 

manipulations and accuracy analyses: 

(i) Epochs 1–2: only simulated accumulation was applied 

between these epochs. The maps show sedimentation zones 

dominating, with only occasional erosion zones. This may be the 

result of sand surface reconstruction, for example due to high 

sand surface roughness, limited contrast or turbidity. 

(ii) Epochs 2 and 3: erosion and deposition simulations were 

applied to both types of substrate. The maps show the presence 

of these processes. 

(iii) Epochs 3–4: During this period, only sand sedimentation and 

erosion processes were applied. Changes are concentrated in 

sandy areas, while rocky areas remain unchanged. 

 

The analysis of point classification consistency, presented in 

Table 5 for the erosion, no change and deposition classes, 

demonstrated an average overall accuracy of 77% across the 

three analysed comparisons. This indicates a high degree of 

consistency between classifications obtained from UAV data 

acquired at 12 m and 61 m heights. Consistent results across 

different flight heights confirm the effectiveness of the proposed 

workflow combined with change detection thresholds based on 

the LoD95 value in reducing the impact of measurement 

uncertainties on morphological change detection results. 

However, it should be emphasised that local discrepancies 

mainly occurred in sandy areas where the homogeneous surface 

texture and increased water turbidity limited visibility of the 

seafloor. Such phenomena may affect the accuracy of 

photogrammetric reconstruction and lead to incorrect 

classification of changes. Despite these local differences, the 

overall level of agreement confirms the reliability of the approach 

used. 

 

Scenarios Matched points Overall accuracy 

1a&2a vs 1b&2b 308,479 / 309,479 77.3% 

2a&3a vs 2b&3b 306,253 / 308,104 71.3% 

3a&4a vs 3b&4b 299,558 / 314,664 81.7% 

Table 5. Consistency of morphological process classification 

between low- and high-altitude UAV datasets. 

 

6. Conclusions 

The research confirmed that the proposed methodology for 

processing UAV data for bathymetric purposes can detect 

quantitative morphological changes in shallow waters. The 

obtained LoD95 values show that the method can detect changes 

of more than 2–3 cm while producing consistent results from data 

collected at different flight altitudes. Local discrepancies 

identified in sandy areas result from their homogeneous texture 

and increased water turbidity, both of which impact the accuracy 

of photogrammetric reconstruction. The proposed workflow is 

repeatable and scalable, and could be used to monitor the 

morphodynamics of shallow coastal environments. 

 

Future research will focus on implementing the developed 

methodology to real-world objects such as coastal zones or calm 

river areas. 
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