
Occlusion-Ordered Semantic Instance 
Segmentation

Soroosh Baselizadeh, Cheuk-To Yu, Olga Veksler, Yuri Boykov
David R. Cheriton School of Computer Science
University of Waterloo

9/1/26



Outline
§ Introduction

§ Related Work

§ Our Approach

§ Experiments & Results

§ Conclusion

Occlusion-Ordered Semantic Instance Segmentation PAGE  2



l Single image scene understanding
- Object classes? / Object locations? / Object spatial relations?
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Introduction

l Assign class to each image pixel l Mask + class for each object



Introduction

l Instance segmentation gives more scene details
l However, no depth information
l Depth info is important, e.g. in autonomous driving, scene editing
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Input Image Semantic Instance Segmentation
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Introduction
l Monocular Depth Estimation [15] predicts the absolute depth of pixels

- Difficult problem, hard to estimate accurately 
- Lacks semantic information
- Estimates may be too coarse to establish relative depth relations
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Warmer colors show smaller depth. Image is from [15].

Input Monocular Depth Estimation



Introduction
l Absolute depth is unnecessary for answering many questions

l Relative depth ordering can answer many questions

Occlusion-Ordered Semantic Instance Segmentation PAGE  7

Which is closer?



Introduction

l Relative depth order → coarse 3D geometry useful in applications
- Scene/ video editing [43]
- Image retrieval [24]
- Question answering [16]
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Instances Relative Depth Orders
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Introduction
l Unlike absolute depth, relative depth estimation is easy for humans [17]
l Humans rely on occlusions for relative depth [18, 19, 20]
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Introduction

l Recovering relative depth from occlusion relations
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Introduction
l Occlusion ordering gives relative depth of objects in a ‘chain’

- Not just for adjacent instances!
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Introduction
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l We address

Occlusion-Ordered Semantic Instance Segmentation (OOSIS)



Major Contributions:

• First deep learning approach for OOSIS
• Novel state-of-the-art oriented occlusion boundary model
• Novel discrete optimization formulation for simultaneous instance segmentation 

and occlusion ordering
• New metric for OOSIS evaluation assessing instance segmentation and occlusion 

ordering simultaneously 

Introduction
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Visualization of Occlusion Ordering
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Related Work
l Semantic Instance Segmentation

- Lots of works

- Two stages: Detect Candidate Regions → Segment & Classify

- We use mask-based: Mask-RCNN [13] and contour-based: E2EC [14]
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Image from: Gluon.ai



Related Work
l 3D-Augmented Instance Segmentation

- Pre-deep learning: [1, 2, 3]:
l Simple heuristics,  

- e.g. size of objects
l Weak performance

- Using deep learning: only [4].
l Depth ordering not occlusion
l Only for ‘cars’
l Simple cues
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Related Work
l ‘Pairwise’ Occlusion Ordering

- OrderNet [5] and InstaOrder [6] are CNN classifiers

- No instance mask generation
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Our Approach
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Our Approach
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Orientation at Occlusion Boundary
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Normal vector’s orientation at the boundary 
- from ‘occluder’ to ‘occludee’



Orientation at Occlusion Boundary
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l Representation at pixel level

l Assume “p” is boundary

- Orientation: [left, right, top, bottom] 
l “p”: [  0,     1,       0,        1     ]

- L1 normalization
l “p”: [  0,   0.5,     0,      0.5  ]

orientation

Geometric Interpretation: Projecting
the orientation vector on the axes

(imprecise)



l Final oriented boundary prediction

Joint Semantic Seg & Occ Boundary CNN
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l Final oriented boundary prediction

Joint Semantic Seg & Occ Boundary CNN
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• Prior work:
- Separates boundary and orientation, but uses angle regression
- Or avoids angle regression, but does not separate the two tasks

• Our model:
- Separates boundary prediction from orientation
- No angle regression, so no special losses needed
+ Novel probabilistic interpretation
+ Novel upsampling architecture

Our Boundary Model vs. Prior Work
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Bottom-up Approach
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Optimization for Instance & Occlusion Order
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l We solve a labeling problem
l Assign a label,     , to each pixel p    

l Connected components represent instances 

l represents the occlusion order
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Optimization for Instance & Occlusion Order

Occlusion-Ordered Semantic Instance Segmentation PAGE  29

l Find the best such labeling!

l Define an energy function, E

- Takes a labeling → outputs its goodness
- Lower E = Better labeling 

l Minimize E = find the best labeling

Possible Labelings

High E

High E

Low E



Energy Function
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1) Unary term for any pixel p
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Energy Function
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2) Pairwise occlusion term for pixels p and q,
where p occludes q  
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Energy Function
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3) Pairwise smoothing term: penalize if neighboring pixels, p and q, have different 
labels

p q



Energy Function
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l The best labeling for all pixels,    , is found by minimizing the energy:

l NP-hard to minimize



Minimizing Energy
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l We approximately minimize the energy using Jump moves [9]
- Non-trivial quality guarantee

1) Start by all labels as 0
2) Make the best jump move

- found by graph-cuts [8]

- Jump move: any label can
increase by 1 at most

3) Continue until no more 
moves can decrease E

Image
Occlusion 
Boundaries

Iteration 0 Iteration 1 Iteration 2 Iteration 3

Ground Truth



Bottom-up Approach
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l Connected components → instances
l Labels → occlusion order
l Instance class : majority voting
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Experiments - Qualitative Examples 
l Baseline: 

- Instance Seg + Pairwise Ordering 
- Datasets: KINS [11] (~15,000 images) & COCOA [5] (~5,000 images)
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l We develop a metric for simultaneous evaluation of both outputs

Experiments - OOSIS Evaluation
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Our Metric
l Based on Accuracy-Recall plot
l Recall: quality of predicted masks
l Accuracy: quality of occlusion ordering

l Recall can vary with altered matching criteria
- More / fewer instances are considered accurate
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Experiments - OOSIS Evaluation
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Experiments - Instance Masks Quality 
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Experiments – Oriented Occ Boundary
l Using standard metrics
l Ours vs. the state-of-the-art P2ORM [12]
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The performance of our oriented occlusion boundary model
vs. the state-of-the-art P2ORM model on KINS dataset.
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Conclusion
• We address OOSIS using deep learning.
• We propose a novel joint semantic segmentation & oriented occlusion boundary 

model outperforming the SoTA

• Our approach can be thought of as an instance/panoptic segmentation method,
but requires occlusion ground truth

• We introduce a new metric for OOSIS
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Thank You!
Questions?
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