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4Enabling	end-to-end	
quantitative	and	
reproducible	benchmarking	
of	SLAM	pipelines

4SLAM	as	a	multi-objective	
optimisation	problem
▪ Absolute	Trajectory	Error	(ATE)	
▪ Relative	Pose	Error	(RPE)
▪ Frame	rate
▪ Energy	per	frame
▪ Reconstruction	accuracy	

(coming…)
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4Comparing	KinectFusion and	LSD-SLAM
▪ Absolute	trajectory	error	distribution	over	entire	trajectory	
▪ Real	scene	vs	synthetic	scene

0

2

4

6

8

10

12

14

16

5 10 15 20 25 30

AT
E

(c
m

)

FPS (fixed)

0.1

0.15

0.2

0.25

0.3

0.35

0.4

5 10 15 20 25 30

En
er

gy
(J

)
pe

r
fr

am
e

FPS (fixed)

Desktop
ODROID

Desktop
ODROID

Fig. 4: Varying the input frame-rate in LSD-SLAM under the
TUM RGB-D fr2/xyz dataset without using process-every-
frame mode. Shows ATE and energy under Desktop and
ODROID.
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(a) Real Scene
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(b) Synthetic Scene

Fig. 5: Distribution of ATEs using KinectFusion and LSD-
SLAM, run with default parameters on Desktop. MAE is
highlighted. (a) TUM RGB-D fr2/xyz (b) ICL-NUIM Living
Room Trajectory

per frame and frame rate in Figure 2(c). As in the previous
experiment, we notice that the energy consumption remains
fixed. However we also observe the frame rate to have a
linear relationship with CPU frequency. This means that,
for LSD-SLAM, running desktop-grade processors at the
maximum clock frequency yields best performance (speed)
while requiring the same energy.

F. Dataset issues in SLAM

We encounter inconsistent behavior of both the pipelines
over the synthetic and the real datasets in terms of accuracy.
Tables I and II already showed KinectFusion performing
better than LSD-SLAM on the synthetic dataset; and opposite
results on the real dataset. Looking at these results in finer
detail, we plot the distribution of ATEs for both pipelines on
a synthetic sequence in Figure 5(a) and on a real sequence
5(b). We observe KinectFusion not only outperforming LSD-
SLAM on the synthetic sequence (in terms of mean error),
but also the distribution of ATE across frames is tighter
- which implies that fewer frames nearly fail tracking.
On the real sequence we get the exact opposite behavior,
with KinectFusion having a worse accuracy and greater
variance. We attribute these contrasting observations to the
shortcomings of the synthetic dataset, particularly the lack
of realistic texture in the RGB images. Unfortunately, so
far only synthetic datasets provide ground truth geometry
together with camera trajectory. Laser scanning or other
offline reconstruction method have not been used to provide
that functionality in realistic datasets.

VI. CONCLUSION

We exploit our extensions to SLAMBench [10] to ana-
lyze and contrast two state-of-the-art SLAM pipelines. We
perform holistic comparison of the two pipelines along
energy, accuracy, and speed across two hardware platforms:
a desktop processor from Intel and a high-end embedded
device from ARM. Further, we profile the kernel-level
computational characteristics and classify the kernels into
parallel design patterns. We also explore the algorithmic and
hardware design spaces, and gain further insights into the
behavior of these pipelines. This analysis should be of im-
mense value for system-level design and integration, and the
software would prove a valuable tool enabling performance
optimization analysis for building high-performance SLAM
systems. We plan to work on a more systematic exploration
of motion and scenes with a new dataset [4].
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Crowdsourcing benchmarking with	the	SLAMBench app
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4 The	SLAMBench app	runs	
KinectFusion with	a	set	of	
configurations	on	the	
available	languages on	your	
device

4 Returns	the	best	achievable	
frame-rate	on	your	platform

4 Optimal	configurations	
chosen	via	automated	
design	space	exploration

• KFusion	OpenMP
• KFusion	OpenCL
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Uncovering	the	whole	picture with	SLAMBench

4SLAMBench enables	
you	to	easily	explore	
your	algorithm’s	
design-space

4Often	we	look	at	the	
tip	of	the	iceberg,	we	
should	be	considering
the	whole	story

4Icebergs	do	flip	over!
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Iceberg	from	Argentinian	Uppsala	glacier	flipping	over	
https://youtu.be/Sh271FAVZ0o
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Uncovering	the	whole	picture

4Often	we	look	at	the	tip	of	
the	Iceberg

4We	should	be	considering the	
whole	story

4Icebergs	flip	sometimes!

Static	configuration	that	
works	fine	for	some	
sequences.

Rest	of	the	story!

7


