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Abstract

Obtaining accurate measurements of clouds is a critical problem in atmospheric
physics, as accurate modeling of cloud properties allows us to better understand and
predict climate change. Stereo camera networks have shown promise in obtaining such
measurements, being able to reconstruct detailed cloud fields over multi-km2 domains.
However, previous studies on cloud stereo depth estimation have been limited to using
traditional (non-learned) matching techniques, due to the absence of suitable training
datasets for this challenging domain. In this work, we present a novel dataset (Cloud-
Stereo) specifically tailored for cloud depth estimation. The Cloud-Stereo dataset in-
cludes: 1) a synthetic dataset for training, comprising 3000 stereo pairs and simulated
dense LiDAR depth data, and 2) a high-accuracy real-world dataset consisting of ≈ 120k
frames acquired from a stereo camera and Doppler Aerosol LiDAR for testing. Using
our dataset we benchmark existing learning and non-learning based stereo depth estima-
tion approaches, and demonstrate that fine-tuning on our dataset can lead to significant
accuracy improvement for learned methods. We believe this dataset will enable the train-
ing of future, more accurate, methods for cloud field reconstruction, enhancing a unique
measurement capability for developing and evaluating atmospheric models. The dataset
is available at https://cloud-stereo.jacob-lin.com/.

1 Introduction
Clouds are a central component of the Earth’s climate system. They help control the Earth’s
temperature by affecting the sunlight we receive and the heat we lose into space [38], as
well as playing a vital part in the water cycle. Clouds are controlled by effects across a
wide range of spatial scales, from weather systems (100s of km) to cloud droplet formation
(micrometers). This makes them difficult to model accurately, such that clouds lead to the
largest uncertainties in our understanding of how humans influence the climate system [2, 11]
and how it responds to rising temperatures [46].
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Figure 1: (a) We introduce a dataset that can be used for evaluating stereo cloud depth
estimation methods, useful for the study of cloud heights, morphology, and dynamics. The
ground truth cloud depths are obtained using a Doppler LiDAR. As part of Cloud-Stereo we
also provide simulated cloud data that can be used to train stereo models. (b) The cameras
are upwards pointing so that the bottom of the camera frames are aligned with the horizon,
and the LiDAR scan patterns are aligned with the cameras.

One important factor in building accurate cloud models is understanding how clouds mix
with drier, surrounding air. This mixing determines how long a cloud lasts, and it is often
the cause of a cloud’s eventual disappearance through evaporation [25]. It also controls the
response of clouds to particulate pollution [1, 4, 15] and is responsible for much of the uncer-
tainty in how greenhouse gases affect the climate [37]. Even in models that can accurately
represent a typical small cloud, there is still a lot of uncertainty in how these clouds behave
due to variations in the model design [36, 40]. We therefore need better observations of
clouds at a high temporal and spatial resolution to better understand processes like mixing.

The strength of these processes can be inferred from the 3D shape of the cloud, with the
geometrical thickness of the cloud, the cloud size, and the motion of the cloud top all being
related to how a cloud mixes with the surrounding dry air [7]. However, current observing
systems are typically unable to observe the 3D structure of clouds with the necessary resolu-
tion. While the latest generation of satellites can achieve high temporal resolution [34], they
do not have the spatial resolution to observe small clouds and they primarily observe cloud
tops. Ground-based scanning radars and LiDARs, with beamwidths of less than 0.5◦ [e.g.
14], can reconstruct clouds in 3D [10], but are limited in their repeat time as they require
physically scanning a dish or mirror across a scene [41].

On the other hand, stereo cameras show great potential for obtaining cloud range, shape,
and size at the high spatial and temporal resolution necessary to reconstruct clouds in 3D
and measure cloud mixing processes. This requires accurate matching of corresponding
points from multiple views of a scene. This is a challenging problem for clouds, as they are
volumetric entities without a well-defined surface which is further compounded by effects
such as glare, lighting changes, and occlusion.

Existing approaches to estimate correspondences across multiple images are typically
based on block matching [16] to estimate correspondences across multiple viewpoints. How-
ever, these methods suffer from significant noise and accuracy issues when dealing with
clouds. Deep learning-based stereo vision algorithms [45] have great promise to address the
accuracy and robustness issues encountered in traditional stereo photogrammetry for clouds.
However, there are a number of significant challenges associated with creating an effective
deep learning based cloud depth estimation approach as this requires an accurately calibrated
stereo camera and LiDAR data. As far as we are aware there is currently no dataset that can
be used to train or evaluate supervised ground-based cloud depth estimation models.
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In this paper, we directly address these challenges and present a dataset specifically de-
signed for cloud depth estimation. Specifically, our contributions include:

1. A real-world dataset with sparse LiDAR measurements for benchmarking. Along with
stereo camera images, this dataset includes synchronized sparse depth measurements
collected using a steerable Doppler Aerosol Lidar. We propose this to be used as a
benchmark for cloud photogrammetry.

2. A synthetic dataset for training. To facilitate the training of deep networks in this
domain, we also introduce a synthetic dataset that provides accurate dense depth in-
formation, simulating the depth that would be recorded by the LiDAR.

3. Finally, we evaluate several existing (non-learned, pre-trained, and fine-tuned) stereo
depth estimation methods on this dataset, demonstrating significant advantages when
training methods on the synthetic data.

2 Background
In this section we first introduce general systems used for cloud reconstructions, then we
present related work on stereo depth estimation approaches.

2.1 Cloud Field Reconstruction
In computer-vision terms, clouds can be treated as dynamic, volumetric objects that are
reconstructed via classic multi-view stereo and voxel-carving pipelines. The earliest efforts
relied on manual identification and correspondence of salient features across overlapping
photographs [21]. These workflows were then automated: keypoint detectors and descriptors
(akin to SIFT/SURF) were used to establish correspondences, followed by triangulation to
recover 3D cloud-top geometry [19].

On the satellite side, instruments like MISR operate as a calibrated multi-camera rig in
space, capturing simultaneous views at different angles. Matched image patches are triangu-
lated to yield high-resolution cloud-top point clouds [24]. Geostationary constellations ex-
tend this paradigm by providing near-continuous, multi-angle coverage which enables both
static height retrieval and dense motion fields via temporal stereo [5, 27]. Upcoming mis-
sions continue to refine sensor geometry and radiometric precision, improving 3D accuracy
under a wider range of illumination and optical thickness [6].

Ground-based setups follow the same principles but trade altitude for finer angular base-
lines. For example, the COGS (Clouds Optically Gridded by Stereo) [29] project deploys
three synchronized camera pairs on the ground. By combining their epipolar-based recon-
structions with voxel-carving constraints, COGS reduces surface ambiguity and yields more
robust volumetric cloud reconstructions than shape-from-silhouette approaches [29, 47].
These methods demonstrate that, with careful calibration and multi-view correspondence,
ground-based setups are able to estimate detailed cloud shapes.

More recent approaches attempt to reconstruct the full internal distribution of the cloud
volume, retrieving the cloud’s internal structure has been referred to as the “holy grail” of
cloud imaging [39, 42]. The scattering of light by liquid water droplets depends not only
on the optical depth but on the droplet size and the droplet composition. Approaches such
as 4D-cloud scattering tomography (4D-CST) [30], 3DeepCT [35] and VIP-CT [31] utilize
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multiple satellite images and the sun as a light source and then reconstruct the volume as
an inverse problem. Our dataset compliments these approaches by enabling the training of
priors to help constrain the inverse problem, and help validate such methods.

2.2 Stereo Depth Estimation
In this work, we focus on stereo depth methods for 3D reconstruction, due to their wide
applicability to problems in this domain and ease of deployment across existing ground-
based and satellite systems. There are two main classes of matching algorithms.

Traditional stereo matching: Traditional stereo matching approaches have a long his-
tory in computer vision, aiming to use pixel or patch similarity to find corresponding points
between two stereo images to estimate depth information. Block matching, which divides the
image into small blocks to search for the best match, has been a fundamental technique [32].
Feature-based matching identifies and matches key features based on descriptors [23], while
graph cuts formulate the problem as energy minimization [18]. Dynamic programming finds
optimal matches by considering cost and constraints [26], and belief propagation is a prob-
abilistic method that iteratively refines matching [9]. Semi-Global Matching (SGM) mini-
mizes the global energy function by considering local matching costs and global smoothness
constraints [17]. This has been one of the most popular stereo matching approaches because
of its good balance between computational efficiency, and performance.

Estimated Depth
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Left ImageLiDAR Backscatter

Figure 2: Example LiDAR backscatter. The highlighted marker in the left camera image
shows the LiDAR ray point on the cloud projected onto the camera. The cloud depth is
defined to be at the peak of the attenuated backscatter (denoted by β ).

Learned stereo methods: As in many other areas of computer vision, deep learning
has led to significant improvements in stereo depth estimation. Early methods like [45] used
convolutional neural networks to learn the matching of image patches, leading to improved
robustness. Subsequent works integrated traditional stereo algorithms into deep learning
frameworks [44], or leveraged semantics and geometry, as in Pseudo-LiDAR [28]. Attention
to real-time performance led to innovations like DeepPruner [8], which reduced computa-
tional requirements. Self-supervised and unsupervised methods have also been proposed
such as MonoDepth [13], extending capabilities without the need for ground-truth data.
Other approaches have focused on iterative refinement. RAFT-Stereo [20] is an extension
of the RAFT algorithm, specifically designed for stereo matching. It leverages a recurrent
neural network architecture that iteratively refines disparity estimation between stereo im-
ages, constructing a 3D cost volume to capture pixel similarity at different disparity levels,
and allowing for end-to-end training. GMStereo [43] aims to provide a unified framework
for various matching tasks, such as flow, disparity, and depth. It utilizes attention layers
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for matching, emphasizing robustness to challenges like occlusions and efficiency. For this
reason, we use GMStereo in our benchmark.

2.3 Overview of the Cloud-Stereo Dataset

Our Cloud-Stereo dataset is composed of two complementary parts: a large synthetic stereo
subset created for model training, and a real-world LiDAR-camera subset designed for eval-
uation and benchmarking. Together, these provide both dense ground truth for learning and
highly accurate measurements for assessing real-world performance.

2.4 Synthetic Stereo Data

To generate dense, per-pixel depth supervision, we render photorealistic cloud scenes using
Terragen’s volumetric engine. We simulate three canonical cloud types (low-level cumu-
lus, mid-level altocumulus, and high-level cirrus) by sampling 1,000 combinations of key
atmospheric parameters: cloud fraction, optical density, base altitude, vertical thickness, sun
azimuth, and sun zenith angle. For each configuration, we produce a pair of stereo images
along with their exact depth maps. Depth is computed via an opacity-weighted average of
inverse ray distance, which approximates the peak LiDAR backscatter depth, using the vol-
ume rendering equation. From the inverse depth ξ we derive physical depth, z = 1

ξ
and

corresponding stereo disparity: d = f Bξ , where f is the focal length and B the camera base-
line. To ensure viewpoint robustness, every parameter set is rendered from three elevation
angles (0◦, 45◦, and 90◦ relative to the horizon). Finally, we provide a fixed, reproducible
90/10 train/test split (indices included) so that training and evaluation can be conducted
under identical conditions.

2.5 Real-World LiDAR-Camera Data

Between October 11 and November 12, 2021, we collected 120,780 synchronized stereo
image pairs and LiDAR scans over central London. Our imaging system consisted of two
Raspberry Pi V2.1 cameras with fixed exposure and white balance, capturing frames every
five seconds during daylight. The cameras were mounted 62 m apart, with the left 10 m
above the right, and synchronized to under 0.1 s via a local NTP server. Absolute camera
orientations were determined by matching daytime aircraft transponder data and nighttime
star-field photographs.

Ground-truth distances were provided by a HALO Photonics Streamline 1.5 steerable
Doppler LiDAR (1.5 µm), scanning a roughly 70◦×25◦ field in a raster pattern with 2◦ ray
spacing (four interleaved patterns offset by 0.5◦). Each full scan took about ten minutes. To
align the LiDAR and camera coordinate frames, we performed high-resolution raster scans
(0.25◦ spacing) of nearby buildings and additional distant-tower scans at 0.1◦ spacing.

Raw LiDAR backscatter profiles β (r) were corrected for focus and optics, then ana-
lyzed to locate the strongest return peak in each beam, which corresponds to the cloud edge.
Those points were projected into the left-camera images to produce sparse depth maps. To
suppress noise and aerosol returns, we discarded any LiDAR ray whose peak backscatter fell
below one standard deviation above the mean at that range. Each synchronized frame pair is
timestamped with sub-second accuracy.
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2.6 Annotations and Metadata

Beyond depths, our dataset includes several key annotations. Cloud-base heights are derived
from LiDAR ranges and extrinsic calibration. A meteorologist visually labeled 300 randomly
selected frames per day, categorizing each into one of eleven types (e.g., cumulus, stratocu-
mulus, cirrus, cumulonimbus). We also compute a “cloud coverage” metric for each full
LiDAR scan, defined as the fraction of rays classified as cloud, capturing sky “cloudiness”
over time. Example images and histograms illustrating these factors appear in Figure 3, with
further calibration visuals and sample scenes provided in the supplementary material.
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Figure 3: Example images from the LiDAR dataset. Each row highlights a factor of
variation in our dataset. The first four columns show example images, while the last column
shows a histogram that summarises the statistics of the relevant factor of variation. See main
text for details.

2.7 Baselines

We use stereo depth estimation as an illustrative task to show how our dataset can be used
for training and benchmarking cloud stereo depth estimation approaches. We select the
following three methods for our benchmark.
a. Semi-Global Block Matching [16]: SGBM is a traditional stereo matching technique that
is still widely used for cloud photogrammetry. It therefore serves as an important baseline
to evaluate the effectiveness of existing cloud photogrammetry methods. We use the open-
source implementation available in the OpenCV library [3]. We provide the hyperparameters
used in the supplementary.
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b. GMStereo [43] (pre-trained): We choose GMStereo as the representative method for
learning-based approaches, as it has demonstrated state-of-the-art performance, while also
training faster than other common learned matchers such as RAFT-Stereo [20]. Methods like
GMStereo are generally trained on large synthetic datasets [12, 22, 33] that are composed
of solid textured objects. Such objects greatly differ from clouds which are volumetric and
often lacking in texture. For our evaluation, we use the released 4.7 M parameter model that
has been trained on the scene flow datasets [22].
c. GMStereo [43] (fine-tuned): We fine-tune the pre-trained GMStereo mentioned above
on our synthetic dataset. In doing so, the model can learn in a domain-specific manner, po-
tentially learning to match cloud features better, while also learning to handle cloud-specific
problems such as glare. For our fine-tuned model we introduce an opacity predictor on top of
the transformer features. The opacity supervision allows for further control of the predicted
depth maps through possibilities such as simple opacity thresholding, while potentially also
implicitly helping the model learn how to separate the clouds and the sky. We fine-tune
GMStereo with the following optimization objective:

L= Ldisparity +λopacityLopacity (1)

where we use a smooth L1 loss for the disparity and a L1 loss for the opacity. As with
GMStereo (pre-trained), we initialize our model using the released 4.7 M parameter model
that has been pre-trained on the scene flow datasets [22]. The model is then fine-tuned for
10000 steps, with a batch size of 8. All other training parameters follow the configuration
by the original authors [43].

Input Image SGBM GMStereo (pre-trained) GMStereo (fine-tuned)
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Figure 4: Qualitative results for depth estimation. The highlighted colored markers in the
first column show the projected LiDAR/cloud intersections, where the color of the markers is
sampled from the depth colormap. The fine-tuned method shows the best results, capturing
the depth of both smaller clouds and contrails, while also being able to mask out the sky.

Metrics: Following previous work, we consider common error metrics, specifically: Ab-
solute Relative difference (Abs Rel), Squared Relative difference (Sq Rel), and Root Mean
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Square Error (RMSE). However, unlike in existing depth estimation domains such as au-
tonomous driving and robotics, our depth values span a significant range. Specifically, the
empty sky, which has very low disparity, usually fills a large portion of the image. This can
lead to very large depth values (and hence errors). Therefore we clip all disparities to a lower
bound of 1 px and use the median to compute the statistics across samples. To ensure we
still measure the outliers we also include the accuracy at a threshold of δ < 1.25.

3 Evaluation

In this section, we aim to: 1) benchmark the three selected approaches (non-learned, pre-
trained, and fine-tuned) on our real dataset. 2) Determine how much training on the synthetic
dataset helps improve accuracy.

3.1 Quantitative Results.

Fine-tuned GMStereo gives the most accurate and robust depth estimation. As illustrated
in Figure 5, the fine-tuned GMStereo demonstrates a consistent performance where three-
quarters of the LiDAR points are contained within a disparity error of 3 pixels, irrespective
of the range of LiDAR distances. This underscores the model’s robustness and precision in
measuring across varying distances, which is also evident in Table 1 where the fine-tuned
GMStereo outperforms the other methods.
Non-learned SGBM suffers from a large number of outliers and false matches. From Fig-
ure 5 we see SGBM exhibits a substantial number of outliers surpassing the 3 pixel disparity
error. These discrepancies may stem from the inherent limitations of SGBM’s fixed param-
eters, notably the block size. For instance, the block size that has been optimized for larger
depths may underperform when faced with closer clouds. Closer clouds typically exhibit
less distinctive features, challenging the system’s ability to accurately map them based on a
fixed block size.

Furthermore, while the configuration we used allows SGBM to search up to disparities
corresponding to minimum depths of 1 km (which is lower than the evaluated minimum
LiDAR depth), the system’s maximum disparity can still be a constraining factor. This is
because an incorrect but closer match could potentially be identified at higher disparities if
the search space were larger. However, increasing the maximum disparity could also lead
to more false matches. This risk is further amplified given that clouds tend to lack features,
making them more susceptible to mismatches.

Consequently, this susceptibility to matching failures in closer, feature-less clouds leads
to a higher frequency of outliers, as evidenced by Figure 5. This indicates the potential
drawbacks associated with a non-learned method and the advantages of training a learned
model on our data.

3.2 Qualitative Results

Fine-tuned GMStereo gives more details on small and thin clouds. In Figure 4 we compare
the three methods using example images of cumulus clouds at varying depths. Unlike the
other benchmarked methods, the fine-tuned GMStereo model is capable of identifying small
and thin clouds such as the wisps and contrails seen in the first row of Figure 4. It is also
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Table 1: Quantitative results for depth estimation on clouds. Due to the high number of
outliers caused by predicted near-zero disparities, we use median values across samples for
the Abs Rel, Sq Rel, RMSE, and RMSE log. See Section 2.7 for more detail on this choice.

Dataset Method Abs Rel ↓ Sq Rel ↓ RMSE ↓ δ < 1.25 ↑

Synthetic
SGBM 0.071 8.785 122.9 0.634

GMStereo (pre-trained) 0.038 1.866 47.97 0.876
GMStereo (fine-tuned) 0.013 0.197 15.26 0.975

Real
SGBM 0.401 535.9 1278 0.382

GMStereo (pre-trained) 0.134 48.00 356.8 0.684
GMStereo (fine-tuned) 0.112 33.61 294.3 0.716
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Figure 5: Comparison of depth prediction errors between SGBM and GMStereo (fine-
tuned) for different LiDAR ranges. The magenta dashed line and the green dashed line
shows the 1 px and the 3 px disparity error respectively. SGBM exhibits a high number of
outliers at closer distances due to the non-learned comparison of raw pixel values. See the
discussion in Section 3 for more detail.

better able to estimate the cloud’s shape and silhouette. From both the quantatitve and quali-
tatitive results we can see that GMStereo fine-tuned on our synthetic dataset reaches the best
accuracy, indicating that our synthetic dataset provides great value in improving real-world
stereo cloud depth estimation accuracy.

4 Conclusion
In this paper, we present Cloud-Stereo, the first dataset and benchmark for cloud depth esti-
mation. This dataset consists of two parts. We first create a synthetic dataset, where we have
generated 3000 pairs of RGB stereo images with pixel-level depth info. We use this dataset
to train learning-based approaches. We also collect 120780 pairs of real-world stereo image
pairs with sparse depth measured from a LiDAR sensor. We use this real-world dataset to
benchmark three widely used approaches for cloud depth estimation.

Our benchmark results show that the GMStereo fine-tuned on our synthetic dataset reaches
the best accuracy. This indicates that our synthetic dataset allows learning-based approaches
to perform better in the cloud domain. Furthermore, our benchmark enables a fair and thor-
ough comparison between different approaches and allows highlighting the weaknesses of
each approach. This is key to developing better methods in the future. We believe by en-
abling more accurate estimates of cloud distances, the Cloud-Stereo dataset will guide better
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3D reconstructions of clouds and in doing so will enable new measurements of key processes
in the atmosphere, and will support the development of more accurate and robust models for
atmospheric research.
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