
Leveraging LiDAR datasets to improve SAR

tomography: a di�usion model approach

Cristiano Ulondu Mendes1[0009−0000−9036−4761], Loïc
Denis1,2[0000−0001−9216−8318], Christophe Kervazo1[0009−0008−6990−5322], and

Florence Tupin1[0000−0002−3110−8183]

1 Institut Polytechnique de Paris, LTCI, Télécom Paris, Palaiseau, France
{cristiano.ulondumendes,florence.tupin,christophe.kervazo}@telecom-paris.fr

2 Université Jean Monnet, 10 rue Tré�lerie, 42023 Saint-Etienne, France
loic.denis@univ-st-etienne.fr

Abstract. Synthetic Aperture Radar (SAR) tomography is a 3D imag-
ing technique based on the combination of multiple images acquired from
slightly di�erent angles. By analyzing the phase shift measured across the
di�erent images, it is possible to separate scatterers located at di�erent
heights. This requires solving an inverse problem and is typically per-
formed independently for each pixel, producing a point cloud with large
localization uncertainties in the elevation direction. Performing a single-
step tomographic reconstruction with improved spatial regularity is di�-
cult to achieve using a supervised approach, as simulating realistic SAR
tomography data corresponding to a given 3D urban scene is a highly
complex task. In this paper, we suggest a two-step approach: a �rst step
using simple pixel-based inversion, and a second step restoring the re-
constructed 3D cloud thanks to a di�usion model. We train our di�usion
model on a large dataset of freely available LiDAR point clouds. A well-
chosen geometrical projection is applied to represent the 3D points of the
cloud visible from the radar as a 2D image. The degradation modeled by
the di�usion model corresponds both to point omission (non-detections)
and to mislocalizations in the elevation direction. Our di�usion model,
based on the Residual Shifting method, requires as few as 20 di�usion
steps to produce restored reconstructions. The paper introduces a �ex-
ible approach to leverage digital surface models from LiDAR datasets
and improve 3D tomographic SAR reconstructions.

Keywords: SAR tomography · spatial regulization · learned urban
structural prior · LiDAR · di�usion models · uncertainty quanti�cation.

1 Introduction

Urban areas are densely built territories that continually evolve and expand with
the in�ux of population. 3D urban modeling o�ers the ability to e�ciently visu-
alize and analyze spatial information, which is necessary for sustainable growth
of cities. Remote sensing o�ers an alternative to the labor-intensive 3D acqui-
sition from the ground. Airborne lateral-scanning light detection and ranging
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Fig. 1: Acquisition process of LiDAR and multi-baseline SAR data.

(LiDAR) is a commonly used technique in this context [13]. It involves scanning
the scene linearly with discrete laser pulses and measuring the time delay of each
return, as illustrated in Figure 1. Combining these measurements with the GPS
position and the sensor's orientation at the time of acquisition provides accurate
localization of the scatterers in the 3D ground coordinate system. This process
enables the collection of a 3D point cloud of the scene. The main limitations of
this technique are its sensitivity to weather conditions and its high cost. Indeed,
due to its small coverage area, multiple �ights are required to cover large areas.
In contrast, a single �yover of a synthetic aperture radar (SAR) sensor can ac-
quire data over a wide area, independently of weather conditions and daylight.
Through the coherent processing of radar echoes collected along the sensor tra-
jectory (called azimuth direction), SAR systems can generate a high-resolution
complex-valued image. This image represents a 2D projection of the 3D imaged
scene onto the azimuth-range plane, where the range of an object corresponds
to its distance to the SAR sensor. As a consequence of the range-based scat-
terer localization of SAR imaging, scatterers located at di�erent heights but
identical distances from the sensor get projected into the same azimuth-range
pixel (see the image on the right side of Figure 1). This mixing phenomenon,
known as the layover e�ect, can be inverted by tomographic SAR (TomoSAR).
Multiple acquisitions, captured with slightly di�erent view angles, can be an-
alyzed to separate scatterers whose echoes superimpose inside each pixel. The
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inversion is typically conducted separately for each pixel, leading to the local-
ization of scatterers along the third dimension, the elevation direction, which is
orthogonal to the azimuth-range plane. Since the �rst successful demonstration
of TomoSAR on real data [20], based on the computationally e�cient Fourier
transform, but limited in spatial resolution by the acquisition con�guration, the
following works have attempted to improve the resolution [14, 15] while limiting
the required number of acquisitions [35, 1]. This e�ort bene�ted from the rise of
deep learning, with the introduction of algorithm unrolling [8], which led to a
profusion of methods [5, 17, 26].

Because of the high spatial resolution of SAR imagery and the geometric
regularity of urban structures (shoebox-like structures), adjacent azimuth-range
pixels often share similar scattering responses. However, this information is not
exploited in pixel-wise TomoSAR. To improve TomoSAR reconstructions, several
methods have been proposed to enforce spatial regularity during the reconstruc-
tion process [19, 29, 30]. These approaches extend the pixel-wise TomoSARmodel
to the entire scene and incorporate priors consistent with the characteristics of
urban structures. In particular, [19] formulated the reconstruction task as an op-
timization problem in 3D space, using handcrafted priors that promote sparsity
and local smoothness of structures observed in this domain. While this allows
for a signi�cant reduction of noise in the �nal reconstruction, processing volume
data represents a non-negligible computational burden. Moreover, handcrafted
priors generally fail to capture complex features. The methods in [29] and its
improved version [30] reduce the computational cost by operating on 2D slices
of the 3D volume, where learned priors are used to enforce both intra-slice and
inter-slice structural regularity. Priors are trained on simulated scenes made up
from a collection of building models of di�erent shapes, sizes, and orientations,
covering a wide range of possible settings. [29] adopts a fully supervised training
strategy requiring paired measurements and ground truth, which can lead to
generalization issues when applied to real data. In contrast, [30] addresses this
issue by adopting a self-supervised training framework for learning the priors
during the reconstruction process. While this latter approach shows improved
adaptation capability to real-world data, it substantially increases the processing
time.

We aim to e�ciently exploit the spatial information while keeping the pro-
cessing time and dataset-speci�c adaptation requirements at an acceptable level
for real-world applications. For this purpose, we explore a learning-based recon-
struction framework that decouples TomoSAR reconstruction and spatial regu-
larization. This enables the processing time of each component to be optimized
independently and facilitates their separate analysis. Moreover, generalization to
a di�erent set of baselines (i.e., a di�erent acquisition geometry or a change in the
number of images) requires only a modi�cation of the TomoSAR reconstruction
stage. In this work, our focus will be on the spatial regularization component,
which is formulated as a 3D point cloud denoising problem.

Point cloud denoising is a long-standing problem in the computer vision com-
munity. It aims to produce a dense point cloud from a sparse and noisy version
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while preserving the underlying structures. It typically involves outlier removal
and missing data completion [21]. Point cloud denoising methods can be catego-
rized into three types: �lter-based, optimization-based, and deep learning-based
methods [33]. Filter-based denoising methods assume that the noise dominates
the high-frequency component of the signal and design �lters that suppress noise
accordingly. Optimization-based methods formulate the denoising task as an op-
timization problem that minimizes deviation from the input while enforcing pri-
ors through additional regularization terms. Finally, as in most computer vision
subdomains, deep learning has made its way into point cloud denoising. This
type of method usually o�ers improved performance while reducing processing
time. There are several approaches to process point clouds [6]: some approaches,
such as PointNet [16] and its successors such as Point Cloud Transformer [7] or
Point Cloud Mamba [32], directly process the 3D points, while others use rep-
resentations on rectangular grids to e�ciently access neighbors, as proposed in
PointProNets [21] and recent works such as [4] and [12]. Due to shadows, SAR
systems typically collect a single echo in a given illumination direction: surface
elements that backscatter the radar wave cast a shadow on structures located
downstream. Point clouds captured by TomoSAR can then be naturally repre-
sented in 2D by projection along each line-of-sight. PointProNets [21] generate
a heightmap from the point cloud. The point cloud denoising task is then recast
into a 2D noisy heightmap restoration. This strategy allows to exploit archi-
tectures from the mature domain of image denoising and reduce the memory
and computation required for processing 3D data. We follow the same line of
approach to restore our 3D point clouds reconstructed by TomoSAR inversion.
Our contributions can be summarized as follows:

1. We propose a learned spatial regularization approach to improve pixel-wise
TomoSAR reconstruction

2. We formulate the process as a point cloud denoising task in a projected
domain, enabling e�cient restoration and an easy access to a training set
through LiDAR data

3. We show that our method successfully enhances the output of a pixel-wise
TomoSAR method.

2 Proposed framework

2.1 Per pixel TomoSAR 3D point reconstruction

TomoSAR imaging model TomoSAR exploits a stack of D coregistered 2D
SAR images of the same scene, acquired from slightly displaced antenna posi-
tions. Given that targets are sparsely distributed along the elevation direction
in urban areas, the set of pixels at the same location in the stack, v ∈ CD, can
be modeled as 3:

v =

M∑
m=1

uma(hm) + ϵ, (1)
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where M is the unknown (small) number of targets, hm is the unknown elevation
of them-th target with re�ectivity um, the vector-valued function a(·) relates the
elevation hm of them-th target to the phase shifts seen by each antenna (ad(h) =
exp(jξdh), where ξd depends only on the acquisition parameters, including the
wavelength and sensor trajectories), and ϵ ∈ CD is a circular complex Gaussian
random vector that accounts for the thermal noise

Considering the model (1), the tomographic 3D inversion generally aims at
solving the nonlinear least squares (NLS) problem:

{ĥ, û} = arg min
{h,u}∈[hmin,hmax]M×CM

∥v −
M∑

m=1

uma(hm)∥2, (2)

where h = (hm)1≤m≤M and u = (um)1≤m≤M . For a given number of targets
M , the NLS estimator is statistically e�cient [24].

Prior work: fast and interpretable inversion method The computational
di�culty of the problem (2) has led to the development of approximate meth-
ods in the literature, including model-based approximations (e.g., compressive
sensing (CS)-based methods [35, 1, 17]) and algorithmic-based approximations
(e.g., greedy algorithms [11]). These methods usually have a high computa-
tional cost due to their iterative nature and/or post-processing requirements
to achieve satisfactory reconstructions. Moreover, they provide target locations
without associated uncertainty measures, making the reliability of the recon-
structed structures di�cult to assess in the absence of ground truth data. A
recent work [25] addresses these limitations through a time-e�cient inversion
framework with accurate target detection and localization capabilities while ad-
ditionally providing uncertainty estimates. This method follows a multi-stage
learning framework that recovers target information from a TomoSAR measure-
ment vector v in a greedy fashion. At each stage, a single target is identi�ed
and characterized by its probability of existence, elevation, and associated lo-
calization uncertainty. The contribution of this target is then subtracted from
the measurements and provided as input to the following stage. To fully exploit
the measurements, the target identi�cation process is carried out at each stage
by a complex-valued neural network that jointly processes the amplitude and
phase information. The di�erent stages are trained end-to-end to approximate
the target distribution, modeled as a collection of Dirac impulses, by a Gaussian
mixture whose means, variances, and weights correspond respectively to the esti-
mated elevations, uncertainties, and existence probabilities. The joint estimation
of these parameters improves the interpretability of the reconstruction results.
In particular, the probabilities enable straightforward and informed target se-
lection while the uncertainties provide additional con�dence measures regarding
target localization. Hence, this method is particularly adapted as a �rst step for
our 3D reconstruction method.
3 complex-valued variables are underlined to distinguish them from real-valued ones,
and lowercase and uppercase bold letters are used for vectors and lists of vectors,
respectively.
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2.2 Restoration of TomoSAR point clouds with a di�usion model

Motivation and Formulation Enforcing spatial regularity with adapted pri-
ors during the reconstruction process is a theoretically rigorous approach to re-
move outliers while limiting information loss [19]. However, this strategy comes
at the cost of a higher complexity and faces some challenges. As hand-crafted
priors fail to preserve complex structural features, learned priors were proposed
with the promise of an enhanced structural feature regularization. The devel-
opment of this new strategy is, however, hindered by the absence of realistic
paired TomoSAR measurements and 3D ground truth. Decoupling TomoSAR
reconstruction and spatial regularization reduces the complexity by performing
simpler and well-documented tasks sequentially. In this setting, deep-learning
can be leveraged to learn powerful structural priors. These learned priors would
be independent of TomoSAR acquisition parameters and therefore more gener-
alizable.

In this work, the regularization task is formulated as a point cloud denoising
task. This allows to exploit 3D datasets over urban areas that are readily avail-
able, in particular, LiDAR-derived datasets such as the LiDAR-HD project [10]
produced by the French National Institute of Geographic and Forest Informa-
tion (IGN). This dataset covers France, including multiple cities with a variety
of architectural styles. Such a large dataset can be used to learn rich priors of
digital surface models in urban areas.

The processing of 3D data by a neural network poses a certain number of
challenges, both in terms of architecture and storage. Naively extending 2D ar-
chitectures can lead to sub-optimal performances along with increased computa-
tional cost [21]. To reduce the costs associated with such a strategy, we propose
working with data projected into a 2D space. This also allows the use of many
network architectures designed for 2D images.

Heightmap representation We aim to denoise 3D point clouds recovered
from a TomoSAR image stack, where each image, obtained from a side-looking
view, projects the 3D scene onto the azimuth-range (x⃗, r⃗) plane, in which targets
with the same range overlap. We adopt, as a projection domain, the azimuth-
angle (x⃗, θ⃗) plane while maintaining the same side-looking con�guration. For a
�xed azimuth position x, the position of a target along the angle axis is de�ned
by the angle formed by the vertical direction and the segment connecting the
sensor to the target. As illustrated in Figure 2, in this geometry, layover and
shadows phenomena are avoided: at each location (x, θ), a single surface element
is visible to the radar. An height map in the azimuth-angle geometry indicates
the height of scatterers located on that surface element. In practice, a 3D point
cloud P = {p1,p2, . . . ,pN} is transformed into a 2D image, referred to as a
heightmap, where the pixel at position (i, j) contains the height z of the point
p⋆ ∈ P that projects into this azimuth/angle cell and is the closest to the radar,
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Fig. 2: Building appearance in di�erent geometries.

Fig. 3: Flowchart of paired noisy/noise-free heightmaps creation from LiDAR
products.

i.e., such that:

d(p⋆, radar) = min{d(p, radar) : p ∈ P, xp ∈ [xmin + (i− 1)δx, xmin + iδx[, (3)

θp ∈ [θmin + (j − 1)δθ, θmin + jδθ[},

where d(p, radar) denotes the distance separating point p from the radar, δx
is the azimuth resolution of the SAR sensor, and δθ is the angular resolution
corresponding to the minimal angular di�erence between two consecutive ground
points (z = 0) at the extremities of a radar pixel, as illustrated in the image on
the left side of Figure 2.

Dense 3D point cloud generation The angular resolution δθ used in our
heightmap projection depends on the range resolution δr of the SAR sensor. As
this value decreases, the number of empty pixels in the ground truth heightmap
may increase if the corresponding point cloud is not su�ciently dense. We pro-
pose a pipeline, illustrated in Figure 3, that adapts the density of the point
cloud according to the desired angular resolution to avoid empty pixels in the
ground truth heightmap. The process exploits both LiDAR point clouds and
digital height models (DHM, nadir/down-looking view of the scene). While the
DHM is the main component for creating a dense point cloud, the LiDAR point
cloud (target coordinates and associated labels) is used to remove the vegetation
from the DHM. This vegetation removal operation is motivated by the fact that
TomoSAR 3D reconstructions of urban areas usually don't contain vegetation
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(a) Digital height model (b) vegetation mask (c) Digital height model
without vegetation

Fig. 4: Result of the vegetation removal process from the denoiser training
dataset: the vegetation map is obtained using the labels of the LiDAR point
cloud.

Fig. 5: Generation of noisy point clouds featuring missing targets and localization
errors.

since these structures are not temporally stable or have a negligible response
compared to their surroundings. This operation is useful to avoid hallucinations
from the denoiser to be trained on this dataset, as the proportion of vegetation
is usually non-negligible (see Figure 4). After this step, the DHM is upsampled
from a 50× 50 centimeters spatial resolution to a su�cient resolution, such that
the angle coordinates of targets recovered from successive pixels di�er by less
than δθ if they are on the same horizontal surface. Using this property, it becomes
possible to detect the position of vertical structures missing from the DHM. A
dense point cloud is then obtained by adding points vertically at those positions.

Noisy heightmap generation Noisy data are generated from ground truth
point clouds P to reproduce the characteristics of noisy TomoSAR 3D recon-



Leveraging LiDAR datasets to improve SAR tomography 9

(a) noise-free heighmap (b) noisy heightmap

Fig. 6: Paired noise-free/noisy heightmap: since the noisy heightmap contains
some outliers (large height values), both images are displayed in the range of the
ground truth for a better visualization; the color white represents empty pixels.

structions. The di�erent stages of this process are illustrated in Figure 5. 1
We begin by excluding targets that are invisible from the perspective of a radar
sensor. These correspond to the set of targets p ∈ P satisfying the following
conditions:

∃p′ ∈ P such that θp = θp′ and d(p, radar) > d(p′, radar) (4)

where θp is the angle coordinate of p ∈ P. 2 Next, the coordinates of the visible
targets are converted into radar coordinates. In this domain, noisy TomoSAR
reconstructions are characterized, in each radar cell, by potential missing tar-
gets and target localization errors in the elevation direction. 3 In urban areas,
missing targets are not speci�cally localized; this results from a combination of
factors, including strong target interference, large target amplitude di�erence,
and high thermal noise. This phenomenon is thus simulated by randomly re-
moving targets in each radar cell independently of their localization. 4 The
elevation h ∈ R of a target can be modeled as a Dirac distribution δ(h) which is
equal to 0 everywhere except at h where it is +∞. This distribution is equivalent
to the Gaussian distribution N (h, σ2) where σ tends toward 0+ [2]. Target lo-
calization error can therefore be simulated by allowing a larger variance around
the true position. Here, the variance is drawn according to the distribution of
uncertainty estimates of the pixel-wise TomoSAR inversion method proposed
in [25], the �rst step of our approach, on real data (a log-normal distribution).
This is motivated by the interesting properties of the uncertainties on simulated
data. Indeed, [25] demonstrated empirically on simulated data that uncertainty
estimates are well-calibrated. 5 Finally, the coordinates are reprojected into 3D
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geometry. Figure 6 shows a paired noise-free/noisy heightmap generated using
our noising process.

Di�usion-based restoration Image restoration aims at recovering an un-
known image given a corrupted version of it. This is typically ill-posed, meaning
that multiple solutions are possible. Due to the demanding nature of remote sens-
ing applications, deep learning models are expected to provide not only accurate
predictions but also uncertainty estimates as a measure of prediction reliability.
Conditional di�usion model-based uncertainty quanti�cation has been shown to
be more e�ective than other existing methods [34] and has been considered in
this work.

Di�usion models were introduced with the goal of learning the distribution
of a dataset in order to generate similar data [23]. They were popularized by
the DDPM paper [9], in which the authors demonstrate their ability to generate
very high-quality images. Training this type of model involves two main phases:
the forward process and the reverse process. The forward process consists of pro-
gressively degrading an image X0, following the distribution p(X0), by injecting
increasingly more Gaussian noise until pure noise (i.e., i.i.d. pixel values follow-
ing a standard normal Gaussian distribution). The reverse process then aims
to learn the inverse transformation. In this step, a neural network is trained
to predict the noise added at each stage of the forward process. Following the
demonstration presented in the paper [9], di�usion models have been applied to
various image restoration tasks.

Using the notation commonly adopted in di�usion-model literature, our prob-
lem can be summarized as follows: we are given a dataset D = {Xi,Yi}Ni=1 con-
sisting of pairs of clean heightmaps Xi and noisy heightmaps Yi, and we aim to
learn the conditional distribution p(X|Y). To address this problem, the paper
[22] proposes adapting DDPM for conditional image generation. The authors
introduce an additional conditioning on the noisy image Y during the reverse
process, while the forward process remains unchanged. In practice, conditioning
on Y simply amounts to adding Y as an additional input to the neural network.

Despite achieving good performance on several image restoration tasks, this
method requires several hundred calls to a neural network during inference. This
increases the processing time for a single image and creates a practical issue in
our context. Approaches that drastically shorten the di�usion process for image
restoration have been proposed. In particular, ResShift (Residual Shifting) [27]
reformulates the di�usion process such that the �nal state of the forward process
corresponds to a Gaussian distribution centered on the corrupted imageY rather
than on 0. The image Xt at time t is de�ned as follows:

Xt = (1− ηt)X0 + ηtY +
√
ηtκtZt (5)

where ηt ∈ [0, 1], Zt ∼ N (0, I), and κt controls the noise level between the
di�erent stages of the process. This formulation forms a convex combination
of the clean image X0 and the image to be denoised, Y, to which Gaussian
noise Zt is added. In addition to the implicit conditioning induced by Equation
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Fig. 7: Optical image (left) of the area of interest and the approximate structure
composition (right).

5, ResShift also employs explicit conditioning by taking the corrupted image
Y as an input to the network. This approach is generic. It has been shown to
perform well on numerous image restoration tasks even when using fewer than
20 di�usion steps. It is well-adapted to our context.

3 Experiments

Dataset and setup The performance of the proposed framework is studied
on real data using the SARMV3D Yuncheng dataset [18]. This dataset consists
of a stack of 8 coregistered SAR images of the same scene acquired in a single
�yover. The spatial resolution of these images is approximately 10 centimeters
in azimuth and 13 centimeters in range. An optical image of the area of interest
with an approximate structure composition is shown in Figure 7. The image
comprises �ve main structures, four of which are residential buildings of approx-
imately 54 meters high and sharing a similar shape. The spatial characteristics
of this dataset (geometric baselines, spatial resolution . . . ) are also used for all
training data simulations. This applies to the training for both the TomoSAR
inversion method and the heightmap denoiser. We followed the same training
protocol for the TomoSAR inversion method as described in [25]. Regarding the
heightmap denoiser architecture, a classical UNet, representing a total of 30 mil-
lion parameters, is chosen. ResShift [27] is trained with T = 15 timesteps using
the noising schedule (ηt, κt)0≤t≤T proposed by the authors. The training dataset
is built from 96 non-overlapping tiles covering the city of Paris, each representing
an area of 1km2: 94 tiles are exploited in the learning phase, and the remaining
tiles are used for model validation. By subdividing the height maps into 256Ö256
patches with an overlap of 128 pixels, we created two disjoint sets consisting of
252 118 images for training and 5 476 images for model validation. Inputs are
scaled tile-wise, leveraging the ground truth maximum value, and empty pixels
are �lled with zeros.

Quantitative analysis In this paragraph, the importance of using an adapted
method for the heightmap denoising task is studied on simulated data. For this
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Fig. 8: Filtering results on an example of the test dataset and average SNR over
the entire dataset.

purpose, our model, speci�cally trained for this degradation, is compared to sev-
eral baseline methods (standard denoisers designed for additive white Gaussian
noise removal): BM3D [3], DRUNet [31], and Restormer [28], corresponding to
di�erent �ltering strategies. The �rst is a non-blind patch-based �ltering method,
and the other two are non-blind and blind deep-learning-based approaches, re-
spectively. The noise level required by the non-blind denoisers is calibrated on
images from our validation dataset. All methods are evaluated on a collection
of 100 images of size 256× 256 (these images were neither used for training nor
validation of our di�usion model). Figure 8 reports visual results on one par-
ticular image and the average SNR computed on the entire testing dataset. As
expected, the Gaussian denoisers fail to correctly restore the heightmaps since
the degradation signi�cantly departs from additive Gaussian noise. In contrast,
our model produces a heightmap visually close to the ground truth. These obser-
vations are in accordance with the SNR values: our method shows a signi�cantly
larger improvement, on average, of the SNR compared to the other methods
(+12dB compared to the best baseline methods).

Qualitative analysis In this paragraph, we qualitatively study the results of
our framework applied to the region of interest on the real Yuncheng TomoSAR
dataset. The TomoSAR point cloud reconstruction step is �rst applied. Each
target of the reconstructed point cloud is associated with an existence probabil-
ity and an empirically well-calibrated uncertainty measure of its elevation. The
input to our heightmap di�usion-based denoiser is generated with targets that
verify a criterion de�ned on the probabilities, selecting the most likely targets
[25]. By applying the denoiser 100 times on this data, we produced di�erent
possible heightmaps to quantify the uncertainty. Figure 9 presents one possible
reconstruction and the uncertainty map computed as a pixel-wise variance of
the reconstructions. Considering the optical image, the �ltered heightmap 9b is
fairly satisfactory. The uncertainty map 9c is also highly informative. Indeed,
high uncertainty values are mostly concentrated around roof-ground transitions,
but more importantly, around small structures that don't appear in the opti-
cal image. This suggests that the uncertainty measure could be used to detect
hallucinations and identify challenging areas. In Figure 10, the 3D point cloud
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(a) noisy heightmap (b) �ltered heightmap (c) uncertainty map

Fig. 9: Filtering result of the heightmap derived from a TomoSAR reconstruction
of the real scene.

Fig. 10: Comparison of the regularized scene with low uncertainty structures from
the TomoSAR inversion method: from left to right, we have the noisy point cloud,
the result using the �ltering method from [25], and our result.

generated from one output of the denoiser is compared to the point cloud ob-
tained by �ltering the noisy point cloud using an empirical criterion de�ned on
the uncertainty values predicted by the TomoSAR inversion method. The dif-
ferent views show a strong overlap between the structures of the �ltered point
clouds, providing further proof that the trained denoiser recovers faithful in-
formation from the noisy heightmap. Moreover, the denoiser retrieves a denser
point cloud with fewer outliers and a clear delineation of building shadows, corre-
sponding to areas not observed by the SAR sensor (see the down-looking view in
the �rst row of Figure 10). Overall, the trained model demonstrates good outlier
removal and missing data completion capabilities. It signi�cantly reduces noise
while preserving the underlying structures. Further studies are necessary to con-
�rm its robustness to architectural style shifts, but initial results are promising
as the model was trained on data from Paris and applied to data from China.
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4 Conclusion

In this paper, we propose a framework that combines per-pixel TomoSAR in-
version and spatial regularization for 3D reconstructions. The regularization is
framed as a point cloud denoising task and performed in a 2D projection do-
main, reducing the computational burden. A learning-based method is proposed
to capture complex features of urban structures. And as the learning process is
independent of TomoSAR data acquisition parameters, the resulting model can
be applied to reconstructions from di�erent measurement con�gurations without
the need for retraining. A di�usion model is adopted, providing high-quality re-
constructions and associated uncertainty measures for risk-aware decision mak-
ing. The time-consuming aspect of the classical di�usion model is addressed
by resorting to a fast-di�usion approach. Future work will aim to incorporate
the empirically well-calibrated uncertainty estimates from the TomoSAR inver-
sion model in the di�usion-based denoising process to adapt the regularization
strength. The experimental evaluation of our approach will also be enriched with
a comparison to baseline point cloud denoising baselines and to other TomoSAR
methods with spatial regularization.
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