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Abstract

Offshore oil platforms are critical infrastructures that require regular inspection to detect corrosion and maintain structural integ-
rity. While traditional manual inspections are prone to human bias and high operational costs, recent advancements in automated
inspection using 360-degree imagery have shown promise. This study presents a comprehensive evaluation of state-of-the-art met-
ric monocular depth estimation methods—Depth Anything V2, ZoeDepth, Metric3Dv2, and Patchfusion—applied to 360-degree
images of offshore oil platforms, a novel application in this domain. Metric depth estimation may also benefit downstream tasks
such as corrosion and object detection by providing additional spatial context. Our comparative analysis assesses the performance
and suitability of these methods in the context of the unique visual characteristics of offshore industrial environments and panor-
amic imagery. The findings offer valuable insights into the limitations and strengths of current approaches and serve as a basis for
future work aimed at improving depth estimates, including domain-specific fine-tuning. This work contributes to ongoing efforts
to enhance the efficiency, accuracy, and safety of structural health monitoring in challenging industrial settings. Code is available
at https://github.com/DiMorten/depth_offshore_LAGIRS2025.

1. Introduction

Corrosion detection plays a crucial role in maintaining the in-
tegrity and safety of offshore oil platforms. Traditionally, this
process has relied on manual inspections conducted by expert
personnel. However, this approach presents several challenges,
including high operational costs, potential inconsistencies due
to human bias, and risks to the physical safety of inspection
workers. Recent advancements have explored automatic corro-
sion detection methods using 360-degree imagery, as demon-
strated by (Garcia et al., 2021). These approaches aim to auto-
mate inspections and improve consistency while reducing both
costs and safety risks.

Complementary to corrosion detection, object detection tech-
niques have also gained prominence in industrial inspection
pipelines. They enable the identification and localization of
specific components, such as pipes, valves, and tanks, on which
corrosion levels can be assessed more systematically. However,
both corrosion and object detection can benefit significantly
from geometric context, particularly in complex and cluttered
industrial environments.

In this context, understanding metric depth from 360-degree
imagery can provide valuable spatial information to support
these tasks. Accurate depth maps enable the quantification of
object dimensions, separation of foreground from background,
and better integration of multi-view data, all of which can lead
to more robust and interpretable inspection outcomes. While
active depth sensing technologies such as LiDAR offer high ac-
curacy, they are often costly, require specialized equipment, and
may not be practical for frequent data collection in operational

offshore settings. In contrast, 360-degree imagery can be pass-
ively captured by personnel during routine inspections, offering
a more accessible and scalable solution.

In this work, we conducted a comparative study aimed at evalu-
ating the suitability of various state-of-the-art monocular depth
estimation methods for generating metric depth maps from 360-
degree images captured in offshore environments. These envir-
onments pose distinct challenges for depth estimation, includ-
ing corroded surfaces, low-texture regions, non-standard view-
points, and complex metallic structures that can obscure tradi-
tional depth cues.

To the best of our knowledge, this research represents the first
comprehensive assessment of metric monocular depth estima-
tion techniques specifically tailored for offshore oil platforms
using 360-degree images. The evaluated models include Depth
Anything V2, ZoeDepth, Metric3Dv2, and Patchfusion. The
contributions of this work are the following:

• A comprehensive comparative assessment of state-of-the-
art monocular depth estimation methods applied to 360-
degree images of offshore platforms.

• Insights into the challenges and opportunities of adapting
these techniques for the unique visual characteristics of
offshore industrial environments.

• An assessment of the variability of the depth outcomes for
different depth value ranges.

Section 2 reviews related work. Section 3 outlines the evaluated
models. Section 4 details the dataset and experimental protocol.
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Section 5 presents the results and discussion. Finally, Section 6
presents the conclusions.

2. Related works

Early approaches to monocular depth estimation relied on hand-
crafted features and geometric principles. Structure from Mo-
tion (SfM) reconstructed 3D structure by analyzing motion
across multiple 2D frames (Hartley and Zisserman, 2003, Sna-
vely et al., 2006). However, SfM required multiple images from
a moving camera, struggled with static scenes, and produced
depth maps only up to an arbitrary scale. Regarding metric
depth estimation, its accuracy tended to be insufficient and in-
consistent across the overlapping views (Pataki et al., 2025).
Other classical techniques included shape from shading, which
inferred depth from lighting and shadows (Horn, 1989), but re-
lied heavily on assumptions about lighting and surface reflect-
ance. Depth from defocus estimated depth by analyzing blur
across images with varying focus (Favaro and Soatto, 2005),
requiring multiple captures and being limited by optical con-
straints. Probabilistic models, such as Markov Random Fields,
used spatial relationships to infer depth (Szeliski and Golland,
1999), but were dependent on hand-crafted features and often
computationally expensive.

Fully convolutional networks (FCNs) enabled end-to-end mon-
ocular depth estimation by predicting dense depth maps from
a single image using large labeled datasets (Eigen et al.,
2014, Laina et al., 2016, Li et al., 2015, Fu et al., 2018). FCNs
eliminated the need for hand-crafted features and geometric as-
sumptions, efficiently capturing multi-scale spatial information.
However, their reliance on local receptive fields limited their
ability to model global scene structure.

To overcome this, self-attention transformers were introduced,
offering improved performance by capturing long-range de-
pendencies across the image (Ranftl et al., 2021, Bhat et al.,
2021,Chang et al., 2021,Bhat et al., 2022). Unlike FCNs, trans-
formers weigh relationships between all pixels, enhancing the
understanding of large-scale geometry.

Depth Prediction Transformer (DPT) (Ranftl et al., 2021) in-
troduced a novel architecture for dense prediction tasks, in-
cluding monocular depth estimation, based on Vision Trans-
formers (ViT). Unlike convolutional approaches that down-
sample spatial resolution early in the network, DPT preserves
high-resolution representations by dividing the input image
into non-overlapping patches and embedding them into tokens,
which are processed globally using self-attention mechanisms.
The encoder captures long-range dependencies and global con-
text, while the decoder reassembles these features into spatial
maps using multi-scale feature fusion.

AdaBins introduces a transformer-based model for monocular
depth estimation, using self-attention to adaptively learn depth
binning, improving depth accuracy by better handling global
context (Bhat et al., 2021). An improvement of this technique
called LocalBins uses all layers of the decoder to predict depth
distributions instead of using only the end of the decoder (Bhat
et al., 2022).

Depth Anything (DA) is a foundation model for monocular
depth estimation that integrates large-scale supervised and self-
supervised training to support both relative and metric depth
prediction (Yang et al., 2024a). In this study, we evaluate its

enhanced version, Depth Anything V2 (DAv2) (Yang et al.,
2024b), alongside other state-of-the-art methods. DA employs
a teacher–student distillation framework and incorporates se-
mantic consistency losses to improve generalization across di-
verse indoor and outdoor environments. Our study differs from
previous work by assessing DAv2 on 360-degree imagery of
offshore platforms, a setting not considered in the original pub-
lications.

3. Evaluated Models

In this section, we briefly describe the four state-of-the-art mon-
ocular depth estimation methods evaluated in this study: Depth
Anything V2 (DAv2), ZoeDepth, Metric3Dv2, and Patchfusion.

3.1 Depth Anything V2 (DAv2)

DAv2 (Yang et al., 2024b) is a foundation model for monocular
depth estimation. It improves upon the original DA (Yang et
al., 2024a) by relying exclusively on synthetic data for labeled
supervision. This approach eliminates the depth noise typic-
ally found in real-world datasets, which can arise from factors
such as reflections, occlusions, and sensor inaccuracies. High-
fidelity synthetic labels provide more stable and accurate super-
vision during training.

The model adopts a semi-supervised teacher-student frame-
work: a larger teacher trained on synthetic data generates
pseudo-depth labels for unlabeled real images, which are then
used to train a student model. Strong data augmentations (e.g.,
color jitter, blur, spatial distortions) are applied during stu-
dent training to improve generalization. Additionally, a feature
alignment loss based on DINOv2 (Oquab et al., 2023) semantic
features promotes depth consistency across semantically sim-
ilar regions.

DAv2 supports both relative and metric depth estimation. It is
initially trained on relative depth and then fine-tuned on syn-
thetic datasets with metric annotations (Hypersim (Roberts et
al., 2021) for indoor scenes and Virtual KITTI (Cabon et al.,
2020) for outdoor) following the ZoeDepth (Bhat et al., 2023)
protocol to produce outputs in real-world units.

3.2 ZoeDepth

ZoeDepth (Bhat et al., 2023) is a monocular depth estimation
framework designed to output depth in metric units, with strong
generalization across indoor and outdoor environments. It fol-
lows the MiDaS protocol (Ranftl et al., 2020), consisting of two
stages: (1) pre-training an encoder-decoder architecture for re-
lative depth on 12 heterogeneous datasets, and (2) fine-tuning
the entire network for metric depth on two standardized data-
sets: NYUv2 for indoor scenes and KITTI for outdoor scenes.
This two-step training approach enables the model to leverage
the diversity of relative data while achieving scale-aware met-
ric predictions. The backbone of ZoeDepth can be selected
from a variety of options including BEiT, Swin2, and DPT, with
DPT (Ranftl et al., 2021) being reported as a good trade-off
between FPS and accuracy.

ZoeDepth introduces a metric bins module inspired by
AdaBins (Bhat et al., 2021), framing depth estimation as a clas-
sification task over a set of discrete depth bins. The depth range
is divided into Nbins intervals (e.g., 64), and the network outputs
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a softmax distribution over these bins for each pixel. The final
depth is computed as a weighted sum of the bin centers:

depth(x, y) =
Nbins∑
i=1

pi(x, y) · ci(x, y)

where pi is the predicted probability for bin i and ci is the dy-
namically generated center value for that bin. To generate ad-
aptive bin centers per pixel, ZoeDepth leverages a hierarchy of
MLPs operating on multi-scale features. The coarsest feature
map (1/32 resolution) predicts the base bin centers, while pro-
gressively finer features produce attractor points that perturb
these centers, enhancing local adaptation.

The probabilities pi are computed using a LogBinomial Soft-
max function, which encourages smoother transitions between
neighboring bins compared to traditional softmax, reflecting the
continuous nature of depth. This representation is particularly
effective for capturing non-linear depth behaviors.

3.3 Metric3Dv2

Metric3Dv2 (Yin et al., 2023) is a state-of-the-art zero-shot
monocular depth estimation method that predicts metric-scale
depth across diverse image domains and camera models. Tra-
ditional approaches often rely on fixed camera intrinsics or ad-
opt affine-invariant strategies (e.g., MiDaS), which generalize
well but discard metric scale. Metric3Dv2 resolves this trade-
off using a Canonical Camera Space Transformation Module
(CSTM), which standardizes input data during training by pro-
jecting all samples into a shared canonical camera space. After
prediction, a de-canonical transformation recovers the original
metric scale using the image’s focal length.

The model is trained on over 8 million images from 11 (real-
world and synthetic) datasets and 10,000+ cameras, allowing
it to learn to decouple scene geometry from camera intrinsics
and avoid overfitting to dataset-specific scale cues. This large-
scale, mixed-camera training enables strong generalization in
zero-shot settings.

At inference, Metric3Dv2 requires the focal length to output
depth in real-world units. While this is typically available in
curated datasets or SLAM applications, a default value can be
used for web or in-the-wild images, with some loss in absolute
accuracy.

The architecture employs a ViT encoder and a combination
of loss functions, including scale-invariant log loss and patch-
based local normalization, to enforce both metric consistency
and fine-grained spatial coherence. These design choices en-
able Metric3Dv2 to produce accurate and generalizable depth
predictions directly in metric units.

3.4 Patchfusion

Most foundational models face spatial resolution limitations
due to computational constraints, making them unsuitable for
high-resolution inputs from modern cameras (e.g., 4K). Patch-
fusion (Li et al., 2024) introduces a tile-based framework to
address this issue, using a custom loss function that improves
the fusion of high-level and patch-level features by enfor-
cing consistency across overlapping training patches. PatchFu-
sion is compatible with various depth estimation models (e.g.,
ZoeDepth, DA). It trains three networks: (1) a global coarse es-
timator that takes the downsampled full image and outputs Dc;

(2) a local fine-grained estimator that processes cropped patches
and outputs Df ; and (3) a fusion network that takes as input the
cropped RGB patch, the corresponding region from the coarse
depth map roi(Dc), and the fine-grained depth Df . During in-
ference, the image is divided into non-overlapping patches, with
optional additional patches generated by shifting patch loca-
tions by half the patch size or sampling random positions.

4. Experiments

4.1 Dataset

The dataset used in this study comprises a total of 500 pho-
tospheres, which are 360-degree panoramic images capturing
the entire surrounding scene from a single viewpoint. Both
the RGB photospheres and the corresponding depth maps were
generated from LiDAR point clouds captured with the Leica
BLK 360 sensor, using the pipeline of (Zang et al., 2022), which
converts raw point clouds into equirectangular panoramic im-
ages by projecting 3D points onto the spherical image plane
and encoding per-pixel depth in meters.

These images were captured aboard two offshore oil platforms,
with 250 photospheres collected per platform. Each photo-
sphere was subsequently converted into a cubemap represent-
ation, producing six perspective images per photosphere. This
transformation resulted in 1,500 images per platform, for a total
of 3,000 images across the dataset. The image and reference
resolution is 1344×1344 pixels, corresponding to the cubemap
representation. The two platforms evaluated in this work are
referred to as Platform A (PA) and Platform B (PB).

As shown in Figure 1, the majority of reference depth values
are concentrated within the 0 to 10-meter range, accounting for
95.5% at site PA and 99.5% at site PB.

Figure 1. Sample distribution by reference value bins, for PA
and PB sites.

4.2 Experimental Protocol

We evaluated 4 foundational monocular depth estimation mod-
els on the dataset described in Section 4.1. Each model was
tested independently, using images from Platforms PA and PB,
to assess their generalization performance across different de-
ployment scenarios. Given that the target application involves
both indoor and outdoor environments, we evaluated models
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pre-trained on datasets representative of each setting. Specific-
ally, for DAv2, we assessed versions pre-trained on indoor (Hy-
persim) and outdoor (vKitti) datasets. Similarly, for ZoeDepth,
we evaluated three pre-trained variants: one trained on indoor
data (NYUv2), one on outdoor data (Kitti), and one on a com-
bination of both (NYUv2+Kitti).

For the DAv2 model, the predicted depth values (originally
normalized in the range [0, 1]) were rescaled by multiplying
them with a scalar factor max depth . We empirically set
max depth = 10m for the indoor model and max depth =
17.5m for the outdoor model. These values were chosen based
on a grid search over plausible depth ranges, selecting the ones
that yielded the best overall performance. For the Patchfusion
model, each image is initially divided into a 4×4 grid, yielding
16 non-overlapping patches. Additional patches were generated
by shifting the original patch positions horizontally and vertic-
ally by half the patch size. Further, randomly positioned patches
were added, resulting in a total of 128 patches per inference.
This configuration is referred to by the authors as r128. The
Patchfusion strategy was tested with the ZoeDepth and Depth
Anything (DA) base models.

Model performance was assessed using standard regression
metrics: Mean Absolute Error (MAE), Root Mean Squared Er-
ror (RMSE), and the coefficient of determination (R2). Addi-
tionally, thresholded accuracy metrics δ1, δ2, and δ3 indicate the
percentage of predictions within a given factor of the ground
truth (GT). Specifically, δ1 = 1.25 reflects predictions within
±25% of GT, δ2 = 1.252 within ±56%, and δ3 = 1.253 within
±95%. Thus, δ1 is the most rigorous, followed by δ2 and then
δ3.

In addition to these metrics, we include a binned comparison of
predicted depth values. Specifically, we group the predictions
into bins and compute the corresponding mean reference depth
within each bin. Assuming a normal distribution of reference
depths within each predicted bin, we estimate the confidence
intervals by showing the ±1 ∗ σ and ±2 ∗ σ bounds, with σ be-
ing the per-bin standard deviation. These intervals correspond
to 68.3% and 99.7% confidence levels, respectively, providing
insights into the dispersion and reliability of the predictions.

The experiments were carried out in a RTX 4090 GPU with 24
GiB VRAM.

5. Results and Discussions

Table 1 summarizes the evaluation metrics for all methods
across the two study platforms (PA and PB). The DAv2 model
trained on indoor data consistently outperformed its outdoor-
trained counterpart. Likewise, ZoeDepth achieved superior per-
formance when trained exclusively on indoor datasets, com-
pared to its outdoor or hybrid (indoor + outdoor) configura-
tions across both platforms. This suggests that, although the
360-degree images were captured in outdoor environments, the
visual characteristics of the scenes (such as enclosed metallic
corridors, dense pipework, and shaded regions) may resemble
indoor settings, where objects are closer and scene geometry
is more constrained. Additionally, the effective depth range
in the reference data may be limited by scanner capabilities,
as reflected in the distribution shown in Figure 1. Among the
Patchfusion variants, the Depth Anything-based version con-
sistently outperformed the ZoeDepth-based alternative across
all metrics.

In terms of regression-based metrics—namely MAE, RMSE,
and R2—the best-performing model across both platforms was
DAv2 (Indoor). Likewise, DAv2 achieved the best thresholded
accuracies with the exception of δ3 in PA, where it obtained
the second-best result. Metric3Dv2 ranked second on platform
PA, although its performance on platform PB was notably lower
compared to other methods. The strong performance of DAv2
may be attributed to its pre-training on a synthetic depth data-
set, which provides clean reference signals and avoids common
errors found in real-world data. Similarly, Metric3Dv2 was also
trained on synthetic datasets, potentially explaining its compet-
itive performance on PA. In addition, Metric3Dv2 achieved the
highest R2, δ2, and δ3 scores in PA and the second highest
thresholded accuracies in PB, reinforcing its effectiveness in
capturing the overall depth structure. Despite this, Metric3Dv2
did not attain the best error or correlation scores in PB, show-
ing an R2 of -0.42. This discrepancy between poor regression
metrics and strong threshold accuracy suggests the presence of
outliers, and also indicates R2’s sensitivity to challenging data
points in the PB ground truth. Threshold accuracy, being based
on relative ratios, is more robust to such outliers compared to
absolute error metrics.

The regression and thresholded metrics were lower than those
reported on traditional datasets such as NYU. For instance, the
authors reported δ1 = 0.98 for the NYU dataset using DAv2,
whereas the best performing model (DAv2 indoor) achieved
δ1 = 0.45 and δ1 = 0.47 for PA and PB, respectively. This dif-
ference may be attributed to the domain shift between general-
purpose training sets and the specific context of offshore plat-
forms, and it may be narrowed in future works by fine-tuning to
the specific domain.

Table 1 also presents inference times for all methods. Despite
the advantages of Metric3Dv2, the model did not fit in the as-
sessed GPU, and thus its inference time was prohibitively larger
than other methods (70.4s per sample). The fastest approaches
were ZoeDepth and DAv2 with 1.5s and 3.5s per sample. As
expected, Patchfusion had a larger inference time compared to
its base models due to its patch-wise multi-inference strategy.

Figure 2 groups the predicted values into 1-meter bins and
shows the mean reference value per bin on the vertical axis
for PA. Each line represents the best variant of each method
in terms of MAE: the indoor version for DAv2 and ZoeDepth,
and the DA version for Patchfusion. The plot shows that DAv2
and ZoeDepth rarely predicted beyond 10 meters, while Met-
ric3Dv2 and Patchfusion reached values over 40 meters. This
upper limit may not have significantly affected performance
metrics, as most reference values are also below 10 meters (see
Figure 1). Shaded areas represent 1×Std (56% confidence) and
2×Std (96% confidence). The figure highlights the high vari-
ability of predictions, with most methods showing deviations of
around 40% of the mean at 56% confidence and around 80% at
96%.

Figure 3 presents the corresponding predicted vs. reference plot
for test site PB. In this case, the variability was lower compared
to test site PA, with deviations of around 20% of the mean at
56% confidence. However, Metric3Dv2 and Patchfusion pro-
duced higher errors in general for all bins, and especially for
larger reference values. These errors indicate the need for a
fine-tuning of these models to the specific domain of the as-
sessed data set.

Figure 4 presents qualitative results for the best-performing
variant of each model. DAv2 and ZoeDepth failed to capture the
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Table 1. Evaluation metrics for different models on test offshore platforms PA and PB. Best results are in bold and second bests are
underlined.

Method Environment Test platform PA Test platform PB Time↓ (s)MAE↓ (m) RMSE↓ (m) R2↑ δ1↑ δ2↑ δ3↑ MAE↓ (m) RMSE↓ (m) R2↑ δ1↑ δ2↑ δ3↑
DAv2 Indoor 1.2 3.0 0.39 0.45 0.73 0.88 0.6 1.0 0.63 0.47 0.77 0.91 3.5
DAv2 Outdoor 1.3 3.1 0.34 0.43 0.73 0.87 0.8 1.2 0.51 0.38 0.66 0.84 3.5

ZoeDepth Indoor 1.5 3.5 0.17 0.39 0.67 0.82 0.9 1.3 0.38 0.32 0.59 0.78 1.5
ZoeDepth Outdoor 2.0 4.0 -0.06 0.21 0.41 0.61 0.9 1.5 0.24 0.28 0.54 0.75 1.5
ZoeDepth In+Out 2.0 4.0 -0.06 0.36 0.61 0.76 1.5 3.0 -2.10 0.27 0.52 0.70 1.5

Metric3Dv2 In+Out 1.3 2.8 0.47 0.41 0.73 0.90 0.9 2.0 -0.42 0.39 0.70 0.88 70.4
Patchfusion(DA) Indoor 1.7 3.0 0.39 0.31 0.61 0.83 1.1 1.7 -0.02 0.28 0.54 0.77 32.0

Patchfusion(ZoeDepth) Indoor 2.0 3.5 0.15 0.28 0.54 0.75 1.2 2.0 -0.44 0.28 0.54 0.75 28.0

Figure 2. Overlaid histogram for DAv2, ZoeDepth, Metric3Dv2
and Patchfusion in PA test site.

Figure 3. Overlaid histogram for DAv2, ZoeDepth, Metric3Dv2
and Patchfusion in PB test site.

farthest depth regions, underestimating long-range distances. In
contrast, Metric3Dv2 and Patchfusion tended to overestimate

these distant regions, often predicting values exceeding those
in the reference data. Despite these differences, all models pro-
duced accurate estimates at short- and mid-range depths (i.e.,
up to 10 meters), with mean absolute errors remaining below
1.4 meters across all methods.

6. Conclusions

This work presented a comparative study of state-of-the-art
monocular depth estimation methods applied to 360-degree im-
agery of offshore oil platforms, a challenging setting charac-
terized by low-texture surfaces, non-standard viewpoints, and
complex metallic structures. The objective was to evaluate the
suitability of these methods for producing accurate metric depth
maps in such environments.

Based on standard regression metrics (MAE, RMSE, and R2),
the DAv2 Indoor model demonstrated the most balanced per-
formance, with MAE values of 1.2 meters for PA and 0.6 meters
for PB, followed closely by ZoeDepth Indoor. The DAv2 Indoor
model also achieved the best or second-best thresholded accur-
acy scores, further indicating its suitability for depth estimation
in offshore platforms. While Metric3Dv2 achieved competit-
ive thresholded accuracies and also delivered the lowest RMSE
and highest R2 in PA, its inference time was significantly longer
due to high memory requirements, making it impractical on the
evaluated GPU. As expected, Patchfusion also resulted in in-
creased inference times. However, it did not consistently im-
prove prediction quality. This finding suggests that patch-based
approaches may be unnecessary for this dataset’s spatial res-
olution, where models like DAv2 and Metric3Dv2 can process
full-resolution inputs without downsampling.

The inference times, ranging from 1.5s to 70.4s per sample,
underscore a trade-off between accuracy and practical deploy-
ment. For real-time or continuous monitoring scenarios, faster
models like DAv2 and ZoeDepth would be more suitable, des-
pite potential accuracy compromises, whereas Metric3Dv2’s
current inference speed makes it less practical for such scen-
arios without significant hardware upgrades or model optimiz-
ation.

Across all models, prediction variability remained high, and
prediction errors were higher for greater depth ranges. How-
ever, since approximately 97.5% of ground truth values were
concentrated below 10 meters, these larger errors had limited
overall impact on the evaluated metrics. This suggests that cur-
rent models may be adequate for near-field depth estimation in
offshore environments but may require adjustments for more
distant structures.

As future work, we aim to fine-tune the assessed models on
domain-specific data from offshore oil platforms, with the
goal of reducing prediction variability and improving accuracy
across the entire depth range. Additionally, we will explore the
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Figure 4. Qualitative results of depth estimation. The first row shows a sample from PA, and the second and third rows from PB.

integration of estimated depth maps into broader automated in-
spection pipelines to support more robust structural health mon-
itoring. Finally, as a future work, we will involve field experts
to evaluate the practical utility of the estimated depth, assessing
whether the observed errors are compatible with real inspection
requirements and the intended use within offshore platforms.
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