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Abstract

Digital Elevation Models (DEMs) provide essential information for decision-making in
precision agriculture. This study evaluated the altimetric quality of DEMs generated by
Remotely Piloted Aircraft (RPA) platforms, the influence of flight direction, and the effect
of mechanically disturbed soil surface conditions. We obtained data from a 900 m? area.
Flights were conducted under pre- and post-mechanization conditions using a reversible
plow, with flights in both longitudinal and transverse directions. We processed images
using Structure-from-Motion (5fM) techniques to generate dense point clouds and DEMs.
Statistical analyses relied on raster statistics and elevation cross-section transects of
microtopography, were evaluated via descriptive statistics, ANOVA, Tukey’s HSD tests,
and spatialization with micro-variation classification. Significant differences emerged
among the evaluated models (p < 0.001), with Phantom-derived DEMs showing
systematically higher elevations than Mavic models (617.31 + 0.16 m vs. 605.41 + 0.23 m,
respectively). Post-plowing longitudinal flights showed the least variation, indicating
greater altimetric consistency after secondary soil preparation. Conversely, the pre-
plowing transverse flight (Mavic Flight 2) produced the largest errors. Quantitative
assessment of topographic profiles revealed high morphological correspondence between
platforms, with Pearson correlation coefficients ranging from 0.84 to 0.96 after vertical
normalization, confirming that terrain morphology was preserved despite systematic
vertical offsets. The effect of flight direction was more pronounced before soil preparation;
after harrowing (a homogeneous surface), the difference between directions decreased,
but longitudinal flights maintained an advantage, while transverse flights (especially
Mavic) tended to overestimate elevations spatially.

Keywords: photogrammetry; remote sensing; altimetric accuracy; digital agriculture; soil
surface
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1. Introduction

Agriculture is continually challenged to increase productivity sustainably, requiring
technologies that improve decision-making and resource-use efficiency [1,2]. In this
context, the incorporation of digital technologies has driven the modernization of
agricultural practices, particularly precision agriculture, which uses geospatial data for
site-specific crop management [3,4]. This approach enables the characterization of spatial
and temporal variability in soil, topographic, and environmental conditions, supporting
targeted interventions and the more efficient use of agricultural inputs [5]. Within this
framework, detailed terrain mapping is essential, as microtopography directly influences
processes such as drainage, erosion, and soil moisture distribution. Consequently,
geospatial techniques have become essential tools for improving analytical and
operational precision in agriculture [6,7]. The integrated use of remote sensing,
Geographic Information Systems (GIS), and spatial analysis has expanded the
applications of environmental and agricultural monitoring across different spatial scales
(8].

Recent advances in geospatial technologies and the increasing availability of high-
resolution data have expanded the acquisition, processing, and analysis of spatial
information across multiple domains [9,10]. In this context, airborne remote sensing has
been extensively explored due to its remarkable technological evolution over recent
decades [11]. In precision agriculture, Remotely Piloted Aircraft (RPAs) stand out for
enabling high-resolution imagery acquisition, operational flexibility, and relatively low
operational costs [12,13]. These platforms enable the generation of fundamental
cartographic products, such as Digital Elevation Models (DEMs), which numerically
represent the terrain surface and are essential for analyzing agricultural operations,
hydrological and erosive processes, and soil moisture dynamics [14]. The integration of
remote sensors, digital modeling, and intelligent systems has further expanded the
potential of digital tools to support agricultural decision-making [15].

DEM generation is primarily performed using active non-photogrammetric sensors,
particularly LiDAR (Light Detection and Ranging), which is widely employed for highly
detailed three-dimensional reconstruction [16,17]. Owing to the high complexity of the
data and the elevated cost associated with this system, its applications in agriculture
remain limited, highlighting the relevance of lower complexity DEMs that can still meet
agricultural demands, such as point clouds from RGB sensors [18]. RGB cameras are
recognized for their low cost and simplified data processing. Therefore, data from this
type of sensor may be promising for applications across different farming scales, from
family farming systems to large commercial farms. However, for effective integration into
agricultural management, a comprehensive assessment is required, since the quality of
DEMs obtained from RPAs is influenced by several factors, including the type of aerial
platform, onboard sensors, flight parameters (altitude, speed, and image overlap), and the
adopted photogrammetric processing methods [19,20]. Advances in digital technologies
applied to agriculture have supported more sustainable and efficient approaches for
monitoring and managing agricultural areas [21].

The interaction among these variables may result in products with different levels of
vertical accuracy, directly affecting their reliability for precision agriculture applications
[22]. In this context, the systematic evaluation of these models’ performance is essential to
ensure their suitability for technical and scientific applications. Furthermore, comparative
studies are crucial for understanding the limitations and potentialities of DEMs generated
from RPAs [23], since the lack of standardization in acquisition and processing procedures
may result in significant variations in precision within the same study area [24].

Surface DEM generation may help address an important gap in agricultural
mechanization, namely, the mapping of soil surface roughness after tillage operations.
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The use of highly detailed surface characterization remains poorly explored, whereas
applications involving RPAs have been systematically focused on the classification of
plant attributes. Nevertheless, understanding surface behavior following mechanized
operations using low-cost sensors is essential for developing protocols to assess
mechanization quality, particularly in soil disturbance operations such as plowing and
harrowing.

Although RPA-based DEMs have been widely applied in precision agriculture, the
influence of platform characteristics, flight direction, and soil surface conditions on DEM
elevation consistency and roughness representation remains insufficiently understood
[25]. In particular, it is still unclear whether different RPA platforms reproduce the same
microtopographic patterns under mechanically disturbed conditions and how flight
orientation relative to tillage-induced surface structures affects DEM consistency.
Therefore, the central scientific question addressed in this study is how different RPA
platforms, flight directions, and soil surface conditions resulting from mechanized tillage
influence DEM elevation consistency and the representation of agricultural surface
roughness. Understanding these factors is essential for establishing standardized
acquisition protocols and improving the reliability of RPA-derived DEMs for agricultural
mechanization assessment and precision agriculture applications [17,26].

Given this scenario, the present study evaluates the relative elevation consistency
and morphological representation of Digital Elevation Models generated from RPAs
widely used in agriculture, considering platform characteristics, flight directions, and soil
surface conditions before and after mechanized tillage. The analysis focuses on comparing
DEM behavior under different acquisition conditions, emphasizing systematic vertical
offsets and terrain morphology preservation rather than absolute vertical accuracy, since
no external ground-reference measurements were available.

2. Materials and Methods
2.1. Data Acquisition

The experiment was conducted at the Santa Paula Experimental Farm (FESP) of the
Federal University of the Jequitinhonha and Mucuri Valleys, Unai Campus, Minas Gerais,
Brazil, in an area classified as a Red Latosol, covering approximately 900 m? (Figure 1).

The evaluated experimental area presented a surface recently disturbed by
mechanized soil tillage operations, a condition considered fundamental for the analysis
of surface roughness using RPAs. The mechanized operation was performed using a New
Holland TT4.75 agricultural tractor coupled to a four-disk hydraulic reversible plow with
28-inch disks, a working width of 1.10 m, an operational depth of approximately 0.35 m,
and a mass of approximately 760 kg. The implement operation promoted intense
mobilization of the soil surface layer, resulting in microtopographic variations, furrows,
and aggregates that favored the generation of roughness patterns compatible with high-
resolution altimetric analyses. This experimental condition enabled the evaluation of the
potential of RPAs to detect and map surface roughness induced by mechanized
operations, aligning the study with the monitoring of soil physical attributes.

Aerial images were acquired using two Remotely Piloted Aircraft (RPAs): the DJI
Mavic 3 Multispectral (DJI, Shenzhen, China) (Figure 1C) and the DJI Phantom 4
Multispectral (DJI, Shenzhen, China) (Figure 1D), selected for their complementary
sensors, spatial resolution, and flight capabilities (Table 1). The DJI Mavic 3 Multispectral
integrates an RGB camera with a four-band multispectral sensor, enabling high-precision
small-scale mapping. The Phantom 4 Multispectral is equipped with a higher-resolution
RGB camera and a five-band multispectral sensor, making it better suited for detailed
surveys and data acquisition under different flight conditions.
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Figure 1. Experimental area and transects used for topographic profile extraction. (A) Study area
and profile sampling lines along the X- and Y-axes; (B) location of the experimental area in Unai,
Minas Gerais, Brazil; (C) DJI Mavic 3 Multispectral; and (D) DJI Phantom 4 Multispectral.

Table 1. Comparison of technical specifications of the DJI Mavic 3 Multispectral and DJI Phantom 4

Multispectral.
Characteristic DJI Mavic 3 Multispectral DJI Phantom 4 Multispectral
RGB sensor 20 MP 48 MP
Multispectral sensor 4 CMOS 1/2.8" sensors (5 MP) 5 CMOS 1/2.9" sensors (2.12 MP)
Lens 25 mm, /2.0, FOV 73.91° 5.74 mm, £/2.2, FOV 62.7°
Shutter 1/2000 s Up to 1/8000 s

Green (560 + 16 nm), Red (650 + 16 nm), Blue (450 £ 16 nm), Green (560 + 16 nm), Red (650 =

Spectralbands ¢ Edge (730 + 16 nm), NIR (860 + 26 nm) 16 nm), RedEdge (730 + 16 nm), NIR (840 + 26 nm)

Flight planning was conducted to maximize spatial resolution and the quality of the
Digital Elevation Models (DEMs), using the minimum operational altitudes permitted by
the aircraft’s collision-avoidance sensors. For the DJI Phantom 4 Multispectral, flights
were performed at 15 m above ground level (AGL), with a speed of 1.0 m s, resulting in
a Ground Sample Distance (GSD) of 0.80 cm pixel-, 80% frontal overlap, and 70% lateral
overlap. For the DJI Mavic 3 Multispectral, flights were conducted at 12 m AGL while
maintaining the same speed and overlap percentages, resulting in a GSD of 0.55 cm pixel .

Six flights were conducted for each RPA between 10:00 a.m. and 1:00 p.m., with an
approximate 35 min interval between missions. Flights were identified by the aircraft
name followed by sequential numbering corresponding to the chronological order of
execution (e.g., “Mavic 1”). Throughout all operations, the camera remained oriented to
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nadir (-90°), ensuring vertical image acquisition, complete coverage of the study area, and
high data redundancy.

A DJI D-RTK 2 base station was used to establish high-precision coordinate
correction during all surveys. The base station was initialized approximately 20 min
before each flight to ensure signal stabilization and centimeter-level positioning accuracy.
No ground control points (GCPs) were installed in the experimental area, and
georeferencing was based exclusively on the onboard GNSS/RTK systems of each RPA
operating under real-time correction. Image coordinates were directly used in Agisoft
Metashape (version 2.3.1), and the DEMs were therefore generated under direct
georeferencing conditions and evaluated in terms of relative elevation consistency among
platforms and flight configurations. All data were processed in the UTM coordinate
system referenced to the SIRGAS 2000 datum, with elevations expressed as ellipsoidal
heights.

2.2. Processing

The acquired images were processed in Agisoft Metashape using a standardized
photogrammetric workflow configured to achieve maximum quality at all processing
stages. Image alignment was performed with the “Highest” accuracy, using a limit of
80,000 key points and 8000 tie points, aiming to maximize feature correspondence and the
geometric precision of the photogrammetric block. Dense point cloud generation was
conducted using “Ultra High” quality, with depth filtering set to “Mild,” preserving the
highest possible level of surface detail. Subsequently, the Digital Elevation Models
(DEMs) and orthomosaics were generated at maximum resolution using interpolation
enabled, the “Mosaic” blending mode, and automatic color correction.

Camera calibration was automatically performed in Agisoft Metashape during image
alignment. Alignment quality was assessed through reprojection errors and tie-point
distribution, and DEMs were exported in GeoTIFF format without additional vertical
transformations or datum conversions.

For the quantitative analysis of the Digital Elevation Models (DEMs), a script was
developed in the R environment using the raster, ggplot2, and reshape2 packages. The
script was responsible for automated raster file reading, systematic sampling of 1000
random georeferenced points, and extraction of corresponding elevation values from all
12 DEMs. Following rigorous quality control, points containing missing values (NA) in
any model were removed, resulting in 999 valid points for comparative analyses. The data
were converted to long format and subjected to descriptive statistical analysis, including
mean, median, standard deviation, minimum, and maximum values. Subsequently, a one-
way analysis of variance (ANOVA) was performed, followed by Tukey’s HSD multiple-
comparison test (p < 0.05), to identify statistically significant differences among the
models.

For the spatialized altimetric mapping analysis, all DEM rasters were standardized
in a GIS environment to ensure comparability among models generated by different
platforms and flight conditions. A reference value of 600 m, lower than the minimum
elevation observed in all DEMs, was adopted as a common baseline for normalization.
This procedure was used exclusively to remove absolute elevation offsets and facilitate
comparisons of relative spatial patterns among models, without representing a physical
elevation benchmark. Subsequently, the normalized rasters were reclassified into three
equidistant altimetric intervals using table-based reclassification. The resulting classes
were vectorized into polygon format for quantifying the occupied area (m?) within each
interval, enabling a standardized comparison of surface spatial organization across flights
and platforms.
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Additionally, a second script was developed to extract and analyze topographic
profiles from the DEMSs, enabling the evaluation of the spatial behavior of surface
roughness and altimetric variations across the experimental area. The procedure consisted
of loading the DEMs, converting the rasters into georeferenced data frames, and
automatically defining equidistant profiles along the X- and Y-axes. Profiles were
extracted from sampling strips with widths corresponding to 2% of the total area extent,
using aggregated elevation averages to reduce local noise.

Subsequently, high-resolution faceted plots were generated, and the profiles were
exported as .csv files and image outputs, enabling detailed analysis of surface continuity
and the topographic response of the generated models. To separate systematic vertical
offsets from terrain morphology, relative elevation profiles were also generated by
subtracting the mean elevation of each profile from all profile observations. This
normalization allowed the comparison of profile shapes independently of absolute
elevation differences.

3. Results
3.1. Altimetric Comparison Among Digital Elevation Models

The analysis of variance (ANOVA) revealed highly significant differences among the
evaluated Digital Elevation Models (DEMs) (p < 0.001), indicating a strong effect of the
model on the obtained elevation values (Table 2). The high F-value (535,453), associated
with the low residual mean square (MS = 0.042), demonstrates low internal variability
among samples and high separation among the analyzed groups, evidencing statistical
consistency among the models generated under different platforms and flight conditions.

Table 2. Analysis of variance (ANOVA) for model comparison.

Source of Variation df SS MS F p-Value
Model 7 157,271 22,467.297 535,453 <0.001
Residuals 7984 335 0.0420 - -
df: degrees of freedom; SS: sum of squares; and MS: mean square.

Descriptive statistics revealed systematic differences between the models derived
from the Mavic and Phantom platforms (Table 3). Phantom models showed higher mean
elevations across all evaluated campaigns. The highest mean value was observed for
Flight 2 Phantom (617.31 + 0.16 m), followed by Flight 1 Phantom (617.21 + 0.16 m),
whereas the lowest value was recorded for Flight 2 Mavic (605.41 + 0.23 m). The total range
between the elevation extremes reached approximately 11.9 m, evidencing substantial
vertical discrepancies between the platforms. Despite these absolute differences, all
models presented low internal dispersion, with standard deviations ranging from 0.15 to
0.27 m. The low standard deviations indicate high internal stability of the evaluated
models.

Table 3. Descriptive statistics of the evaluated models.
Model Direction Mean (m) + SD Min. (m) Max. (m)
Flight 1 Mavic Longitudinal 607.49 £ 0.27 606.90 608.13
Flight 1 Phantom Longitudinal 617.21 £0.16 616.81 617.53
Flight 2 Mavic Transversal 605.41 +0.23 604.89 606.02
Flight 2 Phantom Transversal 617.31 £0.16 616.94 617.62
Flight 3 Mavic Longitudinal 608.82 +0.23 608.32 609.42
Flight 3 Phantom Longitudinal 614.87 +0.15 614.46 615.15
Flight 4 Mavic Transversal 608.66 = 0.24 608.11 609.21
Flight 4 Phantom Transversal 614.98 +0.16 614.58 615.26
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Pairwise comparisons between Phantom and Mavic models using Tukey’s HSD test
confirmed significant differences across all evaluated flights (Table 4). Flight 2 presented
the greatest mean discrepancy between platforms, with a difference of 11.908 + 0.0065 m
(p <0.001), followed by Flight 1, with a mean difference of 9.721 + 0.0065 m. Flights 3 and
4 showed smaller, yet still significant, differences of 6.047 +0.0065 m and 6.326 + 0.0065 m,
respectively.

Table 4. Pairwise mean elevation differences (m) between Phantom and Mavic drones across four
flights, based on Tukey’s HSD post hoc test.

Contrast

(Phantom —Mavic) Mean Difference + SE (m) 95% CI (m) p-Value
Flight 1 9.721 + 0.0065 9.693-9.749 <0.001
Flight 2 11.908 + 0.0065 11.880-11.936 <0.001
Flight 3 6.047 + 0.0065 6.019-6.074 <0.001
Flight 4 6.326 + 0.0065 6.298-6.353 <0.001

SE = V(MS_residual/n), with MS_residual = 0.042 and n = 999. CI: 95% confidence interval. Critical
value: q(0.05; 8; 7984) = 4.286. p-values were adjusted for 28 comparisons. Positive values indicate

higher elevations in Phantom DTMs.

The 95% confidence intervals had low amplitude across all contrasts, indicating high
precision of the estimates. All contrasts showed positive values, indicating that Phantom
models systematically produced higher surfaces than Mavic models. The observed
differences between Phantom and Mavic DEMs indicate a systematic vertical offset (z-
shift) of approximately 6-12 m. However, the preservation of profile morphology suggests
that both platforms consistently represented the same terrain features.

The reduction in vertical discrepancies after harrowing indicates greater consistency
among the generated models, possibly due to the formation of a more homogeneous
surface roughness pattern following soil disturbance. This condition reduced local surface
variability, leading to improved relative elevation consistency across the DEMs. The
results also showed that flight direction influenced DEM consistency and the magnitude
of vertical offsets, particularly during the pre-harrowing period, when transversal flights
exhibited greater vertical discrepancies than longitudinal flights.

3.2. Extraction of Topographic Profiles from the Digital Elevation Models

The analysis of elevation profiles generated by the Mavic and Phantom systems
(Figure 2) demonstrated substantial vertical variations among the different flight
missions, both within the same platform and between the two systems. Along the X-axis
(Position 1), the data collected by the Mavic sensor showed considerable oscillation. While
Flight 1 initiated the profile at 607.59 m, Flight 2 recorded 60545 m at the same
coordinates. In subsequent missions, the values increased again, reaching 608.90 m in
Flight 3 and 608.67 m in Flight 4. This internal fluctuation in the Mavic sensor had an
amplitude of 3.45 m across the flights.

The Phantom system exhibited a similar variation pattern, albeit within a distinct
altimetric range. At the same location (X-axis, Position 1), Phantom Flights 1 and 2
recorded mean elevations of 617.20 m and 617.31 m, respectively. However, during Flights
3 and 4, the values decreased to 614.82 m and 614.92 m. When comparing the two
platforms, a disparity of approximately 10 m in absolute elevation values was observed;
for example, at Position 2 along the X-axis, the Mavic recorded 608.00 m during Flight 1,
whereas the Phantom recorded 617.45 m.

https://doi.org/10.3390/agriengineering8070256
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Figure 2. Topographic profiles extracted from DEMs generated by the DJI Mavic 3 Multispectral
and the DJI Phantom 4 Multispectral platforms along the X- and Y-axes under pre- and post-
harrowing conditions. Although systematic vertical offsets are observed between platforms, similar

profile shapes indicate the preservation of terrain morphology and surface microtopography.

Along the Y-axis (Position 1), Mavic Flight 1 started at 607.15 m, confirming the
consistency of the observed elevation range. Although differences in absolute elevation
values were evident between platforms, the extracted profiles showed similar terrain
patterns, including slopes, depressions, and micro-undulations associated with soil
preparation. Phantom-derived profiles tended to exhibit smoother surfaces, particularly
during pre-harrowing flights, whereas Mavic-derived profiles preserved a greater level of
microtopographic detail. Following harrowing, profile shapes became more uniform, and
surface continuity improved for both platforms. Furthermore, after mean removal, the
relative profiles exhibited strong overlap among flights and platforms, indicating that the
evaluated DEMs consistently represented the same terrain morphology. Therefore, the
observed differences are primarily associated with systematic vertical offsets (z-shifts)
rather than distortions in terrain representation.
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Figure 3. Normalized elevation classes obtained from longitudinal flights using the DJI Mavic 3
Multispectral and the DJI Phantom 4 Multispectral platforms. (A) Flight 1 Mavic; (B) Flight 1
Phantom; (C) Flight 3 Mavic; and (D) Flight 3 Phantom. Elevation classes were normalized relative
to 600 m.

In contrast, the longitudinal Phantom models exhibited a more balanced distribution
among the elevation intervals. In Flight 1 Phantom, approximately half of the area was
concentrated in the intermediate class, whereas nearly one-third remained associated with
the upper classes. In Flight 3 Phantom, an increase in the proportional participation of the
highest relative elevations was observed, approaching the spatial pattern identified in the
Mavic models.

https://doi.org/10.3390/agriengineering8070256



AgriEngineering 2026, 8, 256

10 of 17

In transversal flights (Figure 4), the Mavic models maintained predominance of the
upper relative elevation classes. Flight 4 Mavic showed the highest proportion of areas
above 600.50 m among all evaluated models, covering approximately 70% of the total

surface.
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Figure 4. Normalized elevation classes obtained from transversal flights using the DJI Mavic 3
Multispectral and the DJI Phantom 4 Multispectral platforms. (A) Flight 2 Mavic; (B) Flight 2
Phantom; (C) Flight 4 Mavic; and (D) Flight 4 Phantom. Elevation classes were normalized relative
to 600 m.

The transversal Phantom models exhibited distinct behavior, characterized by a
greater balance between intermediate and upper classes. In Flight 2 Phantom,
approximately half of the surface remained concentrated within the intermediate range,
whereas only about one-quarter of the area was classified within the upper interval. In
Flight 4 Phantom, an increase in the proportional participation of the upper classes was
observed, accompanied by a relative reduction in intermediate areas. Mavic models
showed greater spatial dominance of the upper elevation classes after raster
normalization, whereas Phantom models showed a more heterogeneous distribution
across the reclassified intervals.

Furthermore, flight direction influenced the spatial distribution of elevation classes.
Transversal flights, particularly in the Mavic models, exhibited a greater relative
concentration of the upper classes than longitudinal flights. The spatial results corroborate
the previously presented statistical analyses, reinforcing that differences between platforms
and flight directions directly affect the spatial organization of the Digital Elevation Models.
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4. Discussion
4.1. Influence of Platforms and Operational Conditions

The results showed significant differences in elevation values among the Digital
Elevation Models generated by the evaluated platforms and flights, with higher mean
values in the Phantom models and lower values in the Mavic models. These variations
reflect the combined influence of platform characteristics, soil surface conditions, and
flight direction on photogrammetric reconstruction and DEM elevation consistency.
Similarly, Ref. [27], while evaluating Digital Terrain Models obtained from RPAs in
agricultural coffee-growing areas, observed variations among models generated under
different acquisition conditions, highlighting differences in elevation values and terrain
surface representation.

Within this analytical framework, the observed differences should be interpreted as
systematic vertical offsets (z-shifts) rather than actual terrain elevation changes. Although
all flights were conducted with RTK operating in fixed mode, the DEMs were generated
without ground control points, making the final elevations dependent on onboard GNSS
positioning and photogrammetric reconstruction. Differences in sensor characteristics,
camera calibration, and image geometry may have contributed to the observed vertical
displacement between platforms.

Despite the differences in absolute elevation values, the evaluated models exhibited
low internal dispersion and similar surface behavior throughout the experimental area.
Furthermore, the topographic profiles demonstrated the preservation of slopes,
depressions, and surface micro-undulations, indicating a consistent representation of
terrain morphology. The strong overlap observed among normalized profiles further
indicates that the differences between platforms were primarily related to vertical offsets
rather than changes in terrain shape. Similar results were reported by [28], who, when
evaluating Digital Surface Models obtained from RPAs, identified variations among
models generated under different acquisition conditions but observed the preservation of
the terrain surface’s spatial representation. According to the authors, despite the observed
differences among the models, the surface relief features remained adequately
represented.

Ref. [29], while evaluating surface roughness in agricultural areas using drones,
observed that soil surface irregularities could be satisfactorily identified from RPA-
acquired imagery, enabling the distinction of spatial patterns related to surface conditions
within the area. Furthermore, the authors also observed that more heterogeneous surfaces
exhibit greater spatial variability, whereas more homogeneous areas allow improved
representation of soil surface patterns.

Ref. [30] found that soil tillage operations directly alter surface roughness, primarily
due to clods, furrows, and discontinuities formed by mechanized operations. The authors
highlighted that more irregular surfaces exhibit greater surface variability, whereas more
uniform areas tend to present more homogeneous behavior in the representation of the
soil surface. This behavior is consistent with the present study, where post-harrowing
flights showed greater agreement among DEMs and more uniform topographic profiles,
suggesting that surface homogenization favored photogrammetric reconstruction.

4.2. Morphological Representation and Preservation of Surface Microtopography

The topographic profiles obtained in this study exhibited high morphological
correspondence among the evaluated models, maintaining similar patterns of slopes,
depressions, and micro-undulations throughout the experimental area. Even in the
presence of the observed elevation differences between platforms, the profiles preserved
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the geometric configuration of the represented relief, indicating consistency in the
morphological reconstruction of the agricultural surface.

To quantitatively evaluate terrain morphology preservation, Pearson correlation
coefficients were calculated between normalized Mavic and Phantom profiles extracted
from Position 1 along the Y-axis. Correlation values ranged from 0.84 to 0.96 across the
evaluated flights, indicating strong agreement between platforms despite the presence of
systematic vertical offsets. These results support the visual interpretation of the profiles
and confirm that both RPAs consistently reproduced the same microtopographic patterns.
Ref. [31] also demonstrated that RPA-derived models could adequately represent surface
terrain morphology, preserving the continuity of topographic features and the geometric
coherence of the analyzed area.

The elevation differences observed among the models were mainly associated with
absolute elevation values, without significantly altering the morphological behavior of the
extracted profiles. The preservation of profile continuity and the correspondence among
represented features demonstrate stability in surface reconstruction, indicating that the
variations among platforms did not compromise the relative representation of relief
throughout the experimental area. Similar findings were reported by [32], who, when
comparing RPA-DEM and RPA-DSM models with reference surfaces obtained by ALS,
identified elevation differences among the evaluated products while maintaining
topographic representation and good spatial correspondence of terrain features among
the analyzed models. The results obtained in this study suggest a predominance of
systematic vertical displacements (z-shift) between platforms, since the elevation
differences occurred mainly in absolute elevation values. In contrast, the relative surface
morphology remained preserved throughout the topographic profiles.

Ref. [33] observed that mechanized operations significantly alter agricultural
microtopography, forming furrows, ridges, and surface aggregates that modify surface
roughness and the spatial organization of the soil surface. The authors further emphasized
that these features introduce directional patterns into the disturbed surface, directly
influencing the microtopographic variability observed in digital models.
Complementarily, Ref. [34] highlighted that RPA-SfM-derived models have a high
capability to represent surface irregularities and microtopographic features of agricultural
terrain. In this context, the micro-undulations identified across the elevation profiles
demonstrate that the generated models could represent local morphological variations
associated with mechanized soil preparation, thereby evidencing surface patterns related
to furrows, ridges, and aggregates on the disturbed surface.

Ref. [35] demonstrated that digital models derived from photogrammetry adequately
preserved surface microtopography and the geometric continuity of agricultural terrain,
enabling a consistent representation of morphological features of the soil surface. The high
correlation coefficients obtained between normalized profiles reinforce this interpretation,
indicating that the observed differences were predominantly related to systematic vertical
offsets rather than distortions in terrain morphology. Similar behavior was observed in
the profiles obtained in this study, in which surface irregularities and morphological
variations remained preserved throughout the extracted topographic sections. These
findings suggest that platform-related effects primarily influenced absolute elevation
positioning, whereas the photogrammetric reconstruction process remained sufficiently
robust to preserve the relative terrain structure and microtopographic patterns across the
evaluated DEMs.

4.3. Spatial Organization of Elevation Classes and the Effect of Flight Direction

The normalization of the Digital Elevation Models enabled the identification of
distinct spatial behaviors between the models generated by the Mavic and Phantom
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platforms, evidencing differences in the organization of elevation classes throughout the
experimental area. These spatial differences may be explained by the combined influence
of platform characteristics, flight direction, and the interaction between image acquisition
geometry and the directional microtopographic patterns created by mechanized soil
preparation. Ref. [36] highlighted that analyses derived from high-resolution DEMs
enable the interpretation of terrain spatial variability and the identification of patterns
associated with surface dynamics.

The observed differences in elevation-class distribution were primarily related to
image acquisition geometry rather than changes in terrain morphology. The greater
concentration of upper classes in transversal flights may be associated with the orientation
of tillage-induced furrows and ridges relative to the flight path, which can influence image
matching and surface reconstruction.

Ref. [37], while evaluating agricultural surfaces using RPAs, also observed that areas
subjected to mechanized tillage exhibit spatial variations in soil microtopography and
surface irregularities. The authors verified that RPA-derived models enable the
identification of spatial patterns related to the surface conditions of agricultural terrain,
supporting analyses of the spatial organization of disturbed surfaces. The results obtained
in the present study are consistent with these findings, indicating that acquisition
direction can influence the spatial representation of reconstructed surfaces.

Ref. [38] emphasized that topographic attributes derived from RPA-based Digital
Elevation Models, such as elevation, orientation, and spatial variability, contribute to the
interpretation of agricultural terrain surface behavior and the spatial distribution of
topographic features. Despite differences in class distribution, the overall spatial
organization of the terrain was preserved, indicating a consistent surface representation
across flight configurations.

The preservation of the spatial continuity of surface features observed in the
elevation models demonstrates consistency in the representation of the experimental area
surface, enabling the identification of spatial patterns related to microtopography after
mechanized preparation. Ref. [39] emphasized that high-resolution elevation models
obtained from RPAs allow the representation of terrain surface complexity and the
identification of spatial patterns associated with topographic variability within the
analyzed area.

Complementarily, Ref. [40] demonstrated that photogrammetric models and DSMs
could represent alterations in surface roughness and microtopographic variations,
enabling the identification of differences in soil surface conditions. In the context of
agricultural mechanization, such information may be used to evaluate the quality of soil
preparation operations, since the spatial distribution of surface irregularities directly
reflects the effect of implements such as plows and harrows on terrain conformation.
Therefore, RPA-derived DEMs represent a valuable tool for monitoring surface roughness
and spatial patterns associated with mechanized soil preparation. Taken together, the
results demonstrate that platform characteristics, soil surface conditions, and flight
direction affect DEM behavior without substantially altering terrain morphology
representation.

5. Conclusions

The Digital Elevation Models generated by the DJI Mavic 3 Multispectral and DJI
Phantom 4 Multispectral platforms showed significant differences in absolute elevation
values, characterized as systematic vertical offsets (z-shifts) rather than actual terrain
elevation differences. The DEMs derived from the Phantom platform consistently showed
higher values than those from the Mavic platform, indicating systematic vertical
displacement between datasets. Despite these discrepancies, all models preserved the
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morphological continuity and relative geometry of the agricultural surface, consistently
representing microtopographic features associated with mechanized soil preparation. Soil
surface conditions and flight direction directly influenced DEM consistency, with post-
tillage and longitudinal flights showing greater agreement and more stable altimetric
behavior, while transversal flights tended to concentrate higher elevation classes,
particularly in the Mavic-derived models.

These results demonstrate that both surface roughness and flight orientation
influence the spatial distribution and relative elevation consistency of DEMs. The findings
contribute to a better understanding of how platform type, flight direction, and soil
surface conditions affect DEM behavior in agricultural environments. However, because
no independent ground-reference measurements were available, the results should be
interpreted within the scope of comparative DEM evaluation rather than absolute
accuracy assessment. Future studies incorporating ground control points, independent
elevation references, and additional operational scenarios are required to validate the
observed vertical offsets and evaluate the broader applicability of these findings under
different agricultural conditions.
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