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Simultaneous localisation and mapping (SLAM)
Build a coherent world representation and localise the camera in real-time

Video:  
Dyson 360 Eye

https://www.youtube.com/watch?v=OadhuICDAjk
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Video:  
[Newcombe et al. ISMAR 2011]

Simultaneous localisation and mapping (SLAM)

[Whelan et al. 2012]

https://www.youtube.com/watch?v=quGhaggn3cQ#t=102
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[Newcombe et al.  
ICCV 2011]

Localisation (or tracking):  
estimates the camera pose

Fuses (or integrate) the stream 
depth frames into a 3D map

Voxel grid represents 3D surfaces  
[Curless and Levoy 1996]

 3D surfaces recovered  
by raycasting

KinectFusion SLAM implementation
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Kernels 

Compiler/Runtime Hardware 

Architectures Correctness Performance Metrics 

bilateralFilter (..) 

halfSampleRobust (..) 

renderVolume (..) 

integrate (..) 

: 

: 

Frame rate 

Accuracy 

Energy 

Computer  

Vision 

ICL-NUIM Dataset 

Holistic approach to SLAM “performance”: SLAMBench

Three “Performance” metrics
1. In computer vision (CV) benchmarks target accuracy  

2. Benchmarks in other fields are about execution time 

3. Is somebody targeting energy?
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How to measure SLAM “Performance”?

• Images acquired  

• Way the camera is moved  

• Numerical approximations 

• Processing frame rate  
(depends on hardware capability)

7

Need for reproducibility 
and accuracy check

Pre-recorded scenes 

Process-every-frame mode

ICL-NUIM dataset  
(frames and ground truth) 

SLAM computation depends on:
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ICL-NUIM dataset

• ICL-NUIM synthetic dataset  
[Handa et al. 2014]  

• 880 RGB-D frames at 30 FPS  

• Absolute trajectory error (ATE) based on ground truth
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SLAMBench framework vision
SLAM benchmarks

Semi-dense SLAM
…LSD-SLAM

Sparse SLAM
…ORB-SLAM

Dense SLAM

KinectFusion …

Desktop to embedded platforms
ARM Intel NVIDIA …

…
Implementation languages

C++ OpenMP OpenCL CUDA …

Datasets
ICL-NUIM TUM …

Performance evaluation
Frame rate Energy Accuracy

high-level blocks,  
KFusion based on  
[Reitmayr 2011]

wide range  
of languages 

desktop, mobile,  
embedded: multi-core  

and many-core 

3 metrics: 
execution time,  

energy and accuracy

integrated  
verification
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Platforms
10

Machines TITAN GTX870M TK1 ODROID Arndale
CPU Intel Intel ARM ARM ARM

CPU name i7 Haswell i7 Haswell NVIDIA 4-Plus-1 Exynos 5422 Exynos 5250

CPU GFLOPS 448 307 74 80 27

CPU cores 4 4 4 + 1 4 + 4 2

GPU NVIDIA NVIDIA NVIDIA ARM ARM

GPU name TITAN GTX 870M Tegra K1 Mali-T628 Mali-T604

GPU GFLOPS 4500 2520 330 60 + 30 60

< 400 W < 100 W

< 20 W < 10 W

< 5 W
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• ATE easy-to-use tool for non computer vision experts 
• Semantic validation instead than bitwise accuracy

Absolute trajectory error (ATE) in cm - default algorithmic configuration

ATE in cm TITAN GTX870M TK1 ODROID Arndale

C++ 2.07 2.07 2.06 2.06 2.06

OpenMP 2.07 2.07 2.06 2.06 2.06

OpenCL 2.07 2.07 n/a 2.01 2.07

CUDA 2.07 2.07 2.07 n/a n/a

“Performance”: accuracy
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Mean time per frame (lower is better)
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x86 multi-core not real-time
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Low-power multi-core far from real-time
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“Performance”: execution time

GPUs scoring well on all platforms
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Medium-power almost real-time 
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More in the next slide
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“Performance” power (ODROID-XU3)
On-board voltage/current sensors and split power rails:  

power measured individually on big (A15), LITTLE (A7), GPU and DRAM
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“Performance”: energy  (ODROID-XU3)
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Energy usage per frame, mean time as marked

50% energy 
improvement
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SLAMBench 
today

Ac
ad

em
ic

 u
se

rs
Co

m
pa

ny
 u

se
rs

apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/ 
Web

• Publicly released 
13/11/2014  
(500 downloads) 

• Early adopters:  
• Computer Vision 
• Compiler/runtime 
• Architecture

http://apt.cs.manchester.ac.uk/projects/PAMELA/tools/SLAMBench/
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SLAMBench opportunities

21

Chip design and simulation tools
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21

Chip design and simulation tools

SLAMBench evolution:
• Point fusion 
• Octrees
• Semi-dense SLAM
• Feature-based SLAM
Kernels can be improved individually
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SLAMBench opportunities

21

Chip design and simulation tools

Domain-specific language (DSL) targeting  
high performance, low-power solutions

Design-space exploration, e.g. algorithmic, 
compiler and hardware  parameters

SLAMBench kernels tuning,  e.g. 
vectorisation, GPU, auto-tuning

SLAMBench evolution:
• Point fusion 
• Octrees
• Semi-dense SLAM
• Feature-based SLAM
Kernels can be improved individually
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SLAMBench opportunities

21

Chip design and simulation tools

Domain-specific language (DSL) targeting  
high performance, low-power solutions

Design-space exploration, e.g. algorithmic, 
compiler and hardware  parameters

SLAMBench kernels tuning,  e.g. 
vectorisation, GPU, auto-tuning

• CPU/GPU mapping/partitioning
• Just-in-time compilation

SLAMBench evolution:
• Point fusion 
• Octrees
• Semi-dense SLAM
• Feature-based SLAM
Kernels can be improved individually
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Sp
ac
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Configuration parameters: 
1. Algorithmic: 

• Minimisation methods 
• Early exit condition value 
• Application-specific parameters   

2. Compilation: 
• opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc. 
• Local work group size 
• Kernel partitioning ratio 
• Thread coarsening 

3. Hardware: 
• CPU frequency 
• # of active big cores 
• # of active LITTLE cores 

What is the optimisation space?

22
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Configuration parameters: 
1. Algorithmic: 

• Minimisation methods 
• Early exit condition value 
• Application-specific parameters   

2. Compilation: 
• opencl-params: -cl-mad-enable,-cl-fast-relaxed-math, etc. 
• Local work group size 
• Kernel partitioning ratio 
• Thread coarsening 

3. Hardware: 
• CPU frequency 
• # of active big cores 
• # of active LITTLE cores 

What is the optimisation space?

Warning: huge space, impossible to run exhaustively

Jo
in

t s
pa

ce

22
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Joint design-space exploration (DSE)

Algorithm
Compilation
Hardware[    ]

Configuration parameters Performance prediction

Time
Energy
Error

Samples

Machine
learning

RunPredictive
model

New samples

Active learning

[    ]
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DSE on SLAMBench algorithmic parameters

24
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ICP registration

[Rusinkiewicz and Levoy 2001]

• Iterative Closest Point (ICP):  
6 DoF rigid body transform from frame k-1 to frame k. 

• Iterative algorithm computing an energy function minimisation

27
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KinectFusion pipeline
• First dense monocular SLAM algorithm [Newcombe et al. ISMAR 2011] 

• Adopted as a major building block in more recent SLAM systems  

• Implementation based on [Reitmayr 2011] CUDA implementation

28
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SLAMBench kernels

29
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SLAMBench GUI
Camera input Restart Pause Step 

Reset 
volume 

Toggle 
viewpoint 
of 3D model  

RGB camera
(not used)

Depth camera

Tracked 
points

3D model

Performance
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Textual User Interface

For benchmarking purposes,  
SSH and post-processing  
tools friendly

Easy 
run

Raw 
data

Sum 
up

High-level blocks statistics

Kernels statistics
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Conclusions
• First vision benchmark for performance, energy and accuracy  

• Fair comparison of accelerators, tools and novel algorithms in SLAM 

• "Performance" results on state-of-the-art desktop, laptop and 
embedded:  

• 4 configurations super real-time FPS (135 FPS on TITAN) 

• Tegra K1 achieves 22 FPS 

• GPGPU for SLAM leads to high-efficiency 

• ODROID-XU3 achieves 5.5 FPS for 2.1 Watts 

• This research paves the way for systematic holistic evaluation

33
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44

Time (s)

Error (cm)Energy (J)

Language Configuration Error (cm) Time (s) Time (FPS) Energy (J) Area Colour
C++ A15 2.06 1.23 0.81 3.47 4.4

OpenMP A15 + A7 2.06 0.35 2.8 2.67 2.8
OpenCL GPU + A15 + A7 2.01 0.18 5.5 0.58 0.6
OpenCL GPU + A7 2.01 0.18 5.5 0.38 0.4

1.2

“Performance” trade-off

• If the 3 metrics are equally important:  
the smaller area the better: 4.4 > 2.8 > 0.6 > 0.4 

• Otherwise weighted area 
• SLAMBench use case: 52% energy improvement
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