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Joint Object Pose Estimation and Shape Reconstruction
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Joint Object Pose Estimation and Shape Reconstruction in Urban Street Scenes Using 3D Shape Priors 
Engelmann Francis, Stückler Jörg, Leibe Bastian, GCPR’16
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Joint Object Pose Estimation and Shape Reconstruction
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Input: 3D Stereo Reconstruction 3D Stereo 
Reconstruction

ELAS (Geiger et al.) 
SPS-Stereo (Yamaguchi et al.)



Joint Object Pose Estimation and Shape Reconstruction
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Input: Car detections from 3DOP 3D Stereo 
Reconstruction

3D Object 
Detections

[3DOP] Xiaozhi Chen et al.  
3D Object Proposals for Accurate Object Class Detection  
Neural Information Processing Systems (NIPS), 2015 

http://3dimage.ee.tsinghua.edu.cn/cxz


Joint Object Pose Estimation and Shape Reconstruction
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Inference: Align shape manifold with noisy measurements. 3D Stereo 
Reconstruction

3D Object 
Detections

Optimization

3D Shape &

3D Pose

Shape Manifold



Shape Manifold

8

1. Collection of CAD Models

…

2. Compute 3D TSDF (Truncated Signed Distance Function     )�
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Table1.Ablationstudyonshapereconstructionerroraveragedoverallpoints.We
showthee↵ectivenessofeachcomponentinourmethodbyenablingthemstepbystep.
Notetheimprovementsinscorewitheachstep.Fig.4visualizestheTSDFdistance.

PipelineComponents
TSDFDistance(avg.±std.dev.[m])

libELAS[6]SPS-Stereo[23]GroundTruth

3DOP+init.pose+meanshape
0.136±0.044

0.134±0.044
0.105±0.032

3DOP+init.pose+optimizedshape
0.133±0.045

0.131±0.045
0.086±0.035

3DOP+optimizedpose+meanshape0.127±0.050
0.130±0.048

0.079±0.044
3DOP+optimizedpose+optim.shape0.124±0.0510.127±0.0490.063±0.040-0.2 m 0.0 m 0.2 m

Fig.4.Estimatedposeandshapeusingdi↵erentinputdepths.Fromlefttoright:
libELAS[6],SPS-Stereo[23],groundtruthdepth.Pointsarecolor-codedbyTSDF
distancei.e.theEuclideandistancebetweenapointandthezero-levelsetoftheTSDF.

Table1showsshapematchingresultsintermsofmeanandstd.dev.ofthe
TSDFdistanceofthepointsintheobjectsegments.Theresultsdemonstrate
howmuchtheindividualstepsinourpipelinecontributetotheimprovementsof
theshapealignment.Shapeaswellasposeoptimizationimprovethealignment.
Notethatwhenusingstereodepthasinput,thedistancesalsoincludethenoiseof
thestereodepth.Hence,wealsogivethedistancesforthegroundtruthasinput
inordertoassesstheshapereconstructionqualityisolatedfromthestereodepth
estimationalgorithm.Weshowseveralqualitativeexamplesofshapematching
resultsinFig.4.Theexamplesdemonstratethatourmethodcanwellalign
TSDFsthroughshapeandposeoptimizationtoinputstereoreconstructions.
Wealsoprovidearesultwhenusinggroundtruthasinputtodemonstrateour
methodoncleaninputs.

Figs.5and6showqualitativeshapematchingresultsinwholeimagecontext
usinglibELASandSPS-Stereoinputstoourmethod.TheresultsinFig.5and
theleftcolumninFig.6demonstratethatthealignedshapesintheseimages
capturetheshapeoftheobjectswell.IntheupperrightimageofFig.6,itcan
beseenthatforocclusionsorfar-distancemeasurementsourmethodcanyield
misalignedresults,butitstillcapturesthecoarseposeandshapeoftheobjects
inthisexample.Inthemiddlerightimage,3DOPcannotprovidegoodobject
detectionsontheparkedcarsontherightstreetside.Finally,inthelowerright
image,asuboptimalmatchingresultisobtainedforatruckvehiclewhichisnot

inside < 0            surface            outside > 0
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Shape Manifold
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Table 1. Ablation study on shape reconstruction error averaged over all points. We
show the e↵ectiveness of each component in our method by enabling them step by step.
Note the improvements in score with each step. Fig. 4 visualizes the TSDF distance.

Pipeline Components TSDF Distance (avg.±std.dev. [m])

libELAS [6] SPS-Stereo [23] Ground Truth

3DOP + init. pose + mean shape 0.136±0.044 0.134±0.044 0.105±0.032
3DOP + init. pose + optimized shape 0.133±0.045 0.131±0.045 0.086±0.035
3DOP + optimized pose + mean shape 0.127±0.050 0.130±0.048 0.079±0.044
3DOP + optimized pose + optim. shape 0.124±0.051 0.127±0.049 0.063±0.040

-0.2 m

0.0 m

0.2 m

Fig. 4. Estimated pose and shape using di↵erent input depths. From left to right:
libELAS [6], SPS-Stereo [23], ground truth depth. Points are color-coded by TSDF
distance i.e. the Euclidean distance between a point and the zero-level set of the TSDF.

Table 1 shows shape matching results in terms of mean and std. dev. of the
TSDF distance of the points in the object segments. The results demonstrate
how much the individual steps in our pipeline contribute to the improvements of
the shape alignment. Shape as well as pose optimization improve the alignment.
Note that when using stereo depth as input, the distances also include the noise of
the stereo depth. Hence, we also give the distances for the ground truth as input
in order to assess the shape reconstruction quality isolated from the stereo depth
estimation algorithm. We show several qualitative examples of shape matching
results in Fig. 4. The examples demonstrate that our method can well align
TSDFs through shape and pose optimization to input stereo reconstructions.
We also provide a result when using ground truth as input to demonstrate our
method on clean inputs.

Figs. 5 and 6 show qualitative shape matching results in whole image context
using libELAS and SPS-Stereo inputs to our method. The results in Fig. 5 and
the left column in Fig. 6 demonstrate that the aligned shapes in these images
capture the shape of the objects well. In the upper right image of Fig. 6, it can
be seen that for occlusions or far-distance measurements our method can yield
misaligned results, but it still captures the coarse pose and shape of the objects
in this example. In the middle right image, 3DOP cannot provide good object
detections on the parked cars on the right street side. Finally, in the lower right
image, a suboptimal matching result is obtained for a truck vehicle which is not

Inference
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Key Idea:  Surface points have SDF of zero.



Qualitative results
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Qualitative results
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Extension: Temporal Data
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SAMP: Shape and Motion Priors for 4D Vehicle Reconstruction 
Engelmann Francis, Stückler Jörg, Leibe Bastian, WACV’17

Motivation:   - Additional observations over time

                      - Handle (short) occlusions

                      - Motion is a strong prior for pose

occlusion



Extension: Temporal Data
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Graphical Model

SAMP: Shape and Motion Priors for 4D Vehicle Reconstruction 
Engelmann Francis, Stückler Jörg, Leibe Bastian, WACV’17



Qualitative Results
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Input Sequence 1 Input Sequence 2

Output Sequence 1 Output Sequence 2



Qualitative Results
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Multiple measurements overlaid (Canonical Coordinate System)

Optimized poses

Initial poses
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3D Semantic Segmentation
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Exploring Spatial Context for 3D Semantic Segmentation of Point Clouds 
Engelmann Francis, Kontogianni Theodora, Alexander Hermans, Leibe Bastian, ICCV’W’17

Input: Point Cloud Output: Semantic Labels

PointNet

Problem: Limited Context



Exploring Spatial Context for 3D Semantic Segmentation
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Exploring Spatial Context for 3D Semantic Segmentation of Point Clouds 
Engelmann Francis, Kontogianni Theodora, Alexander Hermans, Leibe Bastian, ICCV’W’17

Grid Neighborhood

Multi-Scale Crops

Aggregation using RNN

Stacking PointNets

CU

Consolidation Unit (CU) = mini PointNet

CU CU



Multi-Scale / Stacked PointNets Architecture

21



Grid Blocks / Recurrent Consolidation Unit
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Experiments
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Comparison to PointNet Ablation Study



Dilated Point Convolutions
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Point Convolutions

Dilated Point Convolutions: On the Receptive Field Size of Point Convolutions on 3D Point Clouds 
Engelmann Francis, Kontogianni Theodora, Leibe Bastian, ICRA’20



Dilated Point Convolutions
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Dilated Point Convolutions: On the Receptive Field Size of Point Convolutions on 3D Point Clouds 
Engelmann Francis, Kontogianni Theodora, Leibe Bastian, ICRA’20

Point Convolutions

kernel functionGeneral Convolution

KNN neighborhood

Wang et al. Dynamic Graph CNN for Learning on Point Clouds



Dilated Point Convolutions: Idea
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Dilated Point Convolutions: On the Receptive Field Size of Point Convolutions on 3D Point Clouds 
Engelmann Francis, Kontogianni Theodora, Leibe Bastian, ICRA’20

How to increase the receptive field size?

 - Larger kernel —> increase k

 - Stack more convolutions



Dilated Point Convolutions
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Dilated Point Convolutions: On the Receptive Field Size of Point Convolutions on 3D Point Clouds 
Engelmann Francis, Kontogianni Theodora, Leibe Bastian, ICRA’20

Even better: Dilation!



Dilated Point Convolutions: Model
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Dilated Point Convolutions: On the Receptive Field Size of Point Convolutions on 3D Point Clouds 
Engelmann Francis, Kontogianni Theodora, Leibe Bastian, ICRA’20



DualConvMesh (DCM-Net)
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So far: Convolutions based on Euclidean distance between points


Question: Can we use the mesh as well?

DualConvMesh-Net: Joint Geodesic and Euclidean Convolutions on 3D Meshes 
Jonas Schult*, Engelmann Francis*, Kontogianni Theodora, Leibe Bastian, CVPR’20



Dilated Point Convolutions
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DualConvMesh-Net: Joint Geodesic and Euclidean Convolutions on 3D Meshes 
Jonas Schult*, Engelmann Francis*, Kontogianni Theodora, Leibe Bastian, CVPR’20



Experiments

31
DualConvMesh-Net: Joint Geodesic and Euclidean Convolutions on 3D Meshes 
Jonas Schult*, Engelmann Francis*, Kontogianni Theodora, Leibe Bastian, CVPR’20
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3D-BEVIS
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3D-BEVIS: Bird’s-Eye-View Instance Segmentation 
Cathrin Elich, Francis Engelmann, Jonas Schult, Theodora Kontogianni, Bastian Leibe (GCPR’19)



3D-MPA: Multi Proposal Aggregation for 3D Semantic Instance Segmentation
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3D-MPA: Multi Proposal Aggregation for 3D Semantic Instance Segmentation 
Engelmann Francis, Martin Bokeloh, Alireza Fathi, Leibe Bastian, Matthias Nießner, CVPR’20



Motivation
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Existing Methods: 

- Top-down: first detect objects, then compute mask (Mask-RCNN, 3D-SIS, …)


- Sensitive to missed detections 

- Bottom-up: learn feature embedding space and apply clustering (MTML) 


- Clustering computationally expensive

3D-MPA: Multi Proposal Aggregation for 3D Semantic Instance Segmentation 
Engelmann Francis, Martin Bokeloh, Alireza Fathi, Leibe Bastian, Matthias Nießner, CVPR’20



Motivation
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Our Approach: 

- First, group points into proposals based on predicted objects centers


- Then, aggregate / cluster proposals based on learned features 

3D-MPA: Multi Proposal Aggregation for 3D Semantic Instance Segmentation 
Engelmann Francis, Martin Bokeloh, Alireza Fathi, Leibe Bastian, Matthias Nießner, CVPR’20



3D-MPA: Architecture
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Qualitative Results
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Quantitative Results
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3D-MPA: Multi Proposal Aggregation for 3D Semantic Instance Segmentation 
Engelmann Francis, Martin Bokeloh, Alireza Fathi, Leibe Bastian, Matthias Nießner, CVPR’20



Last work: From Points to 3D Objects

40Francis Engelmann, Konstantinos Rematas, Bastian Leibe, Vittorio Ferrari



Qualitative Results
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Current Work / Next Work
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Current work 

- Self-supervised learning on 3D


- Analysis of data augmentation in 3D

Potential next directions 

- High-level semantic reconstruction of scenes based on primitives


- Semantic Graph Reconstructions - how can humans interact with environments?


- Detecting and fixing dynamic objects in long-term scene reconstruction


