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Video Segmentation and 
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of Automotive Scenes

2



Lab Vision SystemsAngel Villar-Corrales 3

Video Semantic Segmentation 

● Semantic Segmentation: Predicting a semantic category for every pixel in an image 

● Video Semantic Segmentation: Predicting a semantic category for every pixel in 
every frame of a video sequence:

1. Apply model frame-by-frame
2. Exploit temporal dependencies

● Applications:
○ Autonomous driving
○ Robotics
○  Agriculture
○ …
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Challenges 
● Processing frame by frame leads to errors (flickering, ghosting, …)

● Lots of changes in the scene, mainly due to ego-motion (our car driving)

● Difficult handling of occlusions, sensor noise, …
➢ Temporal consistency can correct most issues



Proposed Approach
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Inspiration
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Proposed Model
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● Filter model for structured and robust video segmentation  

○ Robust

○ Temporally consistent

● Additional outputs:
○ Scene geometry

○ Ego-Motion
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Model Overview
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● Recurrent semantic segmentation model

○ Semantic segmentation model (e.g. UNet, DeepLabV3+)

○ Recurrent filter with structured state
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Model Overview
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Ego-Motion Filter
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● Models the motion of the camera recording the scene (motion of the car) 

● Given two consecutive frames, computes the camera transformation T from the 
camera coordinates of the first frame to the second.

P1 =

P2 = T ⨉ P1
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Ego-Motion Filter

11

● Models the motion of the camera recording the scene (motion of the car) 

Simple conv. model that fuses 
features from both frames

Transformation matrix from 
camera t-1 to camera t

Simple module that flattens and 
projects the motion features

RNN (e.g. GRU) cell that fuses 
current features with state

1-dimensional camera state.
Enforces consistency in ego-motion

Next camera state
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Model Overview
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Geometry Filter
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● Models abstract scene features, such as scene contents and geometry
○ Maintains temporal consistency of features

● Two output heads
○ Semantic Segmentation ○ Depth

High-dimensional feature state.
Enforces consistency in scene content

ConvRNN (e.g. ConvGRU) cell that 
fuses current features with state

Depth and semantic 
segmentation heads

Next feature state
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Model Overview
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Datasets
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CARLA Dataset
● Dataset for autonomous driving generated with the CARLA simulator

○ Camera poses and intrinsics
○ Semantic segmentation
○ Depth estimation
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● Approx. 12000 sequences
○ 20 frames of size (512x1024)
○ Training: Towns 01, 03, 04, 05, 06, 07
○ Validation: Town 02
○ Test: Town 10

Available in /home/nfs/inf6/data/datasets/Carla_Moritz/SyncAngel3

● Inspect the data!
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Dataset Variants
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Corrupted CARLA
● 6 frames corrupted by additive Gaussian noise, clutter and illumination changes

Base CARLA
● Sequences of 6 frames from the base dataset

● See [1] (supplementary) for implementation details



Training & Evaluation
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Multi-Stage Training
● Due to its modularity, we will train the network in multiple stages:
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1. Supervised Pretraining:
○ Training for all tasks given two consecutive images of Base-CARLA
○ Train image and motion encoders, as well as all three decoder
○ No recurrent filtering at this stage

2. End-to-End Fine-Tuning:
○ Add the recurrent modules and the states
○ Jointly fine-tune all modules on Corrupted-CARLA

● End-to-End training:
○ Directly train the model on Corrupted-CARLA
○ This includes jointly training the encoders, RNNs and decoders
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● Evaluation:
○ mAcc and mIoU quantitative evaluation metrics for segmentation
○ Make GIFs of depth and segmentation for qualitative evaluation
○ Visualize of camera poses and trajectories
○ Visualize RGB and semantic point-clouds (use depth, camera poses and intrinsics)

● Details
○ Image resize/crops of size:  (3, 256, 512)
○ Recommended to use augmentations: mirroring, color jittering

Train/Eval Details 
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● Loss Functions
○ Segmentation: CrossEntropy Loss
○ Depth Estimation: L1-Loss on logarithmic depth maps. 
○ Camera Poses: MSE on camera matrix



Project Goals and Deliverables
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Passing Requirements
1. Implement the required model, datasets, training pipelines and utils

2. Train your models to achieve best possible results on CARLA (Base and Corrupted)
○ You must implement the described model
○ You must follow the training protocol
➢ Make changes and train further model variants to achieve better results

3. Compare with a naive framewise baseline
○ Baseline: fine-tuning the image segmentation model (enc + dec, no filters) on the 

Corrupted-CARLA dataset and applying it frame-by-frame.

4. Create overview notebook

5. Write project report
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● Overview notebook (.ipynb & .html) showing main functionalities:
○ Load data and display some samples
○ Load pretrained model and display the structure or some stats
○ Display some qualitative results (e.g. results on at least 5 sequences)
○ Show the quantitative evaluation

Deliverables

● Complete codebase
○ Clean and structured
○ Not just a notebook!
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● Trained model checkpoint and (tensorboard, WandB, …) logs

● Project report
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Grading

● Results and Experiments 55%:
○ Performing several experiments and obtaining good results

○ Additional experiments: ablation study, changes in the model, …
○ This grade partly depends on how your results compare to the class

● Codebase & Overview Notebook 20%:
○ Implement all functionalities

○ Modularity and structure

● Report 25%
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Project Report

● Document your work in the project report

● Try to be brief, but readable and informative

● Include figures and tables

● Use BibTex for the references

● I expect 8-12 pages, but highly depends on number and size of imgs/tables

● Use the following template
○  https://www.overleaf.com/read/tmnvhrsdmjrp
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Additional Experiment Ideas
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● Tweak the model
○ Use a nice backbone (e.g. ResNet or ConvNext) 
○ Investigate different segmentation architectures (e.g. DeepLab v3+, UPerNet, …)
○ Investigate the type and positioning of the recurrent modules

● Try your own ideas!

● Investigate different training strategies:
○ Use different loss functions 
○ Regularization to enforce temporal consistency
○ Advanced data augmentation (e.g. mix-up) and regularization (e.g. label smoothing)
○ Temporal data augmentation

● Training and pretraining:
○ Compare different training strategies: direct training v.s. modular training
○ Use different loss functions



Lab Vision SystemsAngel Villar-Corrales

Important Dates

● 30.01:  Starting date

● 05.03-20.03:  Revision session (flexible dates)

● 21.03:  Draft submission due

● 31.03:  Final submission:    
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Questions?
Many details!
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