


In this paper, we report our work on how to automati-
cally retrieve good CAD models for objects in a scene cap-
tured by a moving RGB-D camera. Figure 1 shows the
CAD models we retrieved for one scene from ScanNet and
one scene from ARKitScenes. Visual evaluation by ex-
perts in the domain of computer vision demonstrated that
our CAD models are often as good or better than the man-
ual annotations from Scan2CAD, while they are obtained
automatically. We thus see our method as a tool that auto-
matically generates annotations, which can then be used to
train supervised methods for fast inference. On average, our
non-optimized implementation takes approximately 11.00
minutes per scene using two NVidia GeForce RTX 2080
Ti graphics cards, compared to Scan2CAD human anno-
tations that take 20.52 minutes per scene [1], while being
completely automated.

Our method is not based on learning and thus does not
require registered 3D models for training. Instead, we use
as input 3D oriented bounding boxes or instance segmen-
tation for the objects: These annotations are much simpler
than CAD model fitting and they are in fact available for
the main existing datasets as detailed in Table 1. Because
we also adjust the bounding boxes anyway, these boxes do
not have to be particularly accurate. To find a suitable CAD
model, we sequentially replace the target object with one of
the 3D models from the ShapeNet database [5]. By follow-
ing an analysis-by-synthesis approach, we select the best
CAD model by comparing depth renderings to the captured
depth maps while adjusting the 9D pose and scale of the
CAD models. As Figure 1 also shows, by relying on depth
data to select and register the CAD models, the CAD mod-
els we retrieve are not only well located in 3D but also re-
project well in the images of the RGB-D scans.

In man-made environments, it often happens that multi-
ple objects have the same shape, such as the chairs around
the table for the ARKitScenes example in Figure 1. How-
ever, independently searching for the CAD models of these
multiple instances is likely to yield different 3D models. To
exploit the high-level knowledge that several objects tend to
have the same shape, we cluster the CAD models retrieved
after an independent search based on the similarity of their
shapes. We then perform a joint retrieval, looking for the
same CAD model for all the objects in the cluster. This
way, we can exploit more information from the depth maps
to retrieve a better CAD model: For example, if we found
that two chairs share the same shape, but the top of the first
chair and the bottom of the second chair are not visible in
the RGB-D scan, we can still recover a correct CAD model
for the two chairs.

We did not find any previous method that attempted to
solve the same problem as us. Note that the Scan2CAD
method from [1] (not to be confused with the Scan2CAD
annotations) does retrieve CAD models for ScanNet, but

Dataset #scans
3D GT
Labels

CAD Model
Alignment

SceneNN [12] 100 OBB, Inst.Seg. ✗
ScanNet [7] 1513 Inst.Seg. Scan2CAD [1] (*)

Matterport3D [4] 2056 Inst.Seg. ✗
ARKitScenes [3] 5047 OBB ✗

Table 1: Overview of the most popular real RGB-D
datasets for indoor scene understanding. ’OBB’ and
’Inst.Seg.’ indicate that 3D oriented bounding boxes or
3D object instance segmentation are available as ground
truth, respectively. None of the datasets directly provide
full ground truth with CAD models, except for ScanNet
thanks to the Scan2CAD dataset. (*) Note however that the
Scan2CAD dataset only provides CAD models for about 2
thirds of the objects.

from a very small pool created for benchmarking the pro-
posed method: The size of the pool is taken to be equal to
the number of objects in the scene, i.e., in a range of 5 to
30 CAD models selected from the ShapeNet dataset. It is
also designed to contain the ground truth models. [1] shows
an experiment with more CAD models (400), it is however
only a qualitative result. By contrast, we search through the
entire set of CAD models for the target object class. For
example, we consider the 8437 CAD Tables models and the
6779 CAD Chairs models in ShapeNet.

To the best of our knowledge, our method is thus the first
one to achieve ground-truth-like CAD model retrieval and
alignment. Overall, we make the following contributions:

1. We introduce a fully-automatic method for CAD
model retrieval and alignment that results in a fine
alignment between the images and the reprojected
CAD models.

2. We show how to identify the objects that share the
same geometry, and retrieve a common CAD model
for these objects—we call this procedure ’cloning’.

3. We show that the quality of our results is comparable
or better than human annotations.

4. As no supervision is needed, our method can be di-
rectly used on various datasets for indoor scene un-
derstanding, and we show this by using two popular
datasets, namely ScanNet [7] and ARKitScenes [3].

5. Our method can be seen as a tool to automatically an-
notate images with CAD models and poses for the ob-
jects in the images, and we will make our annotations
for the ScanNet scenes and for ARKitScenes publicly
available.
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Figure 7: Left: One example from our visual evaluation
of the 165 objects with the largest deviations from the
Scan2CAD annotations. The experts were shown two
images, created by reprojecting CAD models in the same
view from the RGB-D scan. We use the CAD models and
their poses as provided by Scan2CAD for one image, and
the models and poses retrieved by our method for the other
image. The experts were not told which method was used
and images were shuffled so that our method appeared 50%
of the time in the top image and 50% of the time in the
bottom image. For each pair of images, the experts were
asked to answer the question: “Do the reprojections in the
top image look better, worse, or similar to the reprojection
in the bottom image?” Right: Histograms of the answers.
On average for these 165 objects with the largest deviation,
our method provides similar or better CAD models, while
being automatic.

4.1.2 Visual Evaluation by Experts

The quantitative comparison with the Scan2CAD annota-
tions provided above gives the deviation with respect to
these annotations, however it does not tell what these dif-
ferences mean in terms of overall quality, and which anno-
tations are better—or if they are equivalent.

To answer these questions, we conducted a visual evalu-
ation by computer vision experts on the 165 objects with the
largest deviation from the Scan2CAD annotations. To keep
the comparison simple, we generated pairs of images where
we reprojected the CAD models provided by Scan2CAD
and the CAD models retrieved by our method. Figure 7
shows an example of such a pair of images. Such repro-
jections were easier to interpret for the subjects than a 3D
scene, but to make sure that the poses of the CAD mod-
els were also evaluated correctly and not just their reprojec-
tions, we used multiple views of the same scenes.

The experts were not told which method was used and
images were shuffled so that our method appeared 50% of
the time in the top image and 50% of the time in the bot-
tom image, to prevent the subjects to be biased towards one
of the two sides or methods. For each pair of images, the
experts were asked to answer the question: “Do the repro-
jections in the top image look better, worse, or similar to
the reprojection in the bottom image?” As this question
requires some domain expertise, we had to restrict the sub-

Annotations
Scan2CAD Annotations Annotations by our method
annotations by our method have similar are similar

Criterion are better are better quality or better

Translation 10 7 33 40
Rotation 12 10 28 38

Scale 12 7 31 38
Shape 20 8 22 30

Table 2: Results of the visual inspection of the 50 objects
with the largest deviation from the Scan2CAD annotations.
A clear majority of annotations are at least equal in quality.

jects to PhD students working on computer vision and com-
puter graphics. In total, 9 experts participated to this study.

The results are shown in Figure 7: For 43.7% of all the
shown pairs, the subjects prefer the CAD models and poses
from Scan2CAD, for 24.5%, they prefer the CAD models
and poses retrieved by our method, and for the 31.8% left,
they found the two sources were similar. This validates that
our method can be used in place of human annotations, as it
produces annotations of similar or better quality on average.

4.1.3 Fine-grain Evaluation

To get a better understanding of how our automatic anno-
tations compare to the manual ones, we visualized the 50
objects with the highest deviation for each criterion con-
sidered in Section 4.1.1 (translation, rotation, scale, shape)
and evaluated the geometry and alignment through visual
inspection. Table 2 shows the results. For the majority of
these objects, the overall quality of geometric shape and
alignment is equal or better than the annotations from the
Scan2CAD dataset. Figure 8 shows examples for objects
with large differences for different criteria. We refer to the
supp. material for extensive visualization of examples.

4.1.4 Additional Annotations for ScanNet

Figure 9 shows a comparison of results for full scene CAD
retrieval by our method with Scan2CAD: As already men-
tioned, the Scan2CAD dataset does not provide annotations
for all the objects. About one third of the objects of stan-
dard classes (1130 objects for the 312 scenes in the ScanNet
validation set) are not labeled with a CAD model nor pose,
but since our method is automated, we were able to retrieve
a CAD model and pose for all these objects. This represents
on average 3.6 additional objects per scene, and about 37%
more retrieved objects than in the Scan2CAD annotations.

4.2. Results on the ARKitScenes Dataset

To show the generalization ability of our method, we
also ran our method on the recently published ARKitScenes
dataset. This dataset consists of 5047 RGB-D scans of in-
door scenes, and provides 3D oriented bounding boxes as
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Figure 8: Visualization of some objects with the largest
difference between the Scan2CAD annotations and the an-
notations created by our method. We show the RGB-D scan,
the 3D overlay of the Scan2CAD object (in green) and the
3D overlay of the CAD model retrieved with our method (in
blue), and below, the 2d reprojections of the CAD models.
First example: Rotation difference of 6.33◦, Assessment:
our method is more accurate. Second example: Translation
difference of 8.5cm, Assessment: equal quality. Third ex-
ample: Chamfer distance of 0.42, Assessment: Scan2CAD
annotation is more accurate.

ground-truth annotations. Note that there are no CAD mod-
els provided as ground truth for this dataset.

Implementation details. The quality of the sensor data
for this dataset is significantly better compared to ScanNet,
and the depth maps provided by ARKitScenes are much bet-
ter. However, the quality of the 3D scene meshes provided
by ARKitScenes is still significantly lower than the ones
available for ScanNet. Therefore, we adjusted the weight
parameters to λs = 1.3, λm = 0.3, λSil = 0.4, λCD = 1.5.

Retrieved annotations. Figure 10 shows examples of the
CAD models and their poses retrieved by our method. The
advantage of our cloning procedure is also clearly visible.

Figure 9: Comparison with Scan2CAD annotations.
Left: RGB-D scan. Middle: Scan2CAD annotations. Right:
Our results, where red CAD models are for objects not an-
notated in Scan2CAD.

Figure 10: Qualitative results on the ARKitScenes
dataset. Left: RGB-D scan. Middle: Our results before
cloning. Right: After cloning. CAD models with the same
color have the same geometry: In the top row, our cloning
procedure correctly retrieves the same models for the chairs
and the two armchairs at the bottom. More examples are
shown in the supplementary material.

5. Conclusion
We presented a method to retrieve CAD models for ob-

jects in 3D scans and their poses that have similar quality
as manual annotations. The CAD models reproject well on
the images used to capture the scans. We thus hope that
our results can be used for 3D scene understanding from
single images. We will make available the annotations we
retrieved for the ScanNet and ARKitScenes datasets.
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