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Benchmark for Deep Learning based Visual Odometry
and Monocular Depth Estimation

BRI
Hyukdoo Choi

Abstract: This paper presents a new benchmark system for visual odometry (VO) and monocular
depth estimation (MDE). As deep learning has become a key technology in computer vision, many
researchers are trying to apply deep learning to VO and MDE. Just a couple of years ago, they were
independently studied in a supervised way, but now they are coupled and trained together in an
unsupervised way. However, before designing fancy models and losses, we have to customize datasets
to use them for training and testing. After training, the model has to be compared with the existing
models, which is also a huge burden. The benchmark provides input dataset ready-to-use for VO and
MDE research in ‘tfrecords’ format and output dataset that includes model checkpoints and inference
results of the existing models. It also provides various tools for data formatting, training, and
evaluation. In the experiments, the exsiting models were evaluated to verify their performances
presented in the corresponding papers and we found that the evaluation result is inferior to the

presented performances.
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[Table 1] Performance indices of depth estimation

Index Definition
abs_rel mean(|p; — g,|/g;)
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6 <1.25 p(max(p,/g;,9,/p;) <1.25)
§ <1.25° p(max(p,/g,.9,/p,) <1.25°)
§ <1.25° p(max(p,/g,,g;/p;) <1.25%)
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[Table 2] Translational and rotational errors of visual odometry
models. The errors are represented by ‘mean + standard deviation’

Seq. | Translation (m) | Rotation (deg.)
9 0.064+0.141 -
orb_short (p) - - 0.064+0.13 -
9 0.029+0.056 | 0.0387+0.094
orb_short (d) 10 0.0376+0.1 0.0629+0.244
9 0.014+0.008 -
orb_full (¢ 10 0.01240.011 -
9 0.0275+0.02 | 0.0275+0.014
orb_full (d) 10 0.024+0.025 0.0328+0.018
9 0.0391+0.04 | 0.1809+0.274
sfmleamner (d) = - 0.037240.039 | 0.2996+0.397
9 0.0347+0.027 | 0.1508+0.107
sfmleamer (t) 10 0.026240.027 | 0.1434+0.101
9 0.0294+0.025 | 0.2286+0.185
decpvofeat (d) |— - 0.0292+0.03 0.2396+0.228
9 0.012+0.007 -
geonet (p) 10 0.012++0.009 -
9 0.0271+0.023 | 0.1953+0.133
geonet (0 10 0.026610.026 | 0.1931+0.134
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[Table 3] Average translational errors of full trajectories. The
numbers in the top row mean the frame interval for trajectory
reconstruction

Seq. 1 2 3 4
orb_full 09 33
10 3.6

sfmlearner (t) 09 68.0 60.6 57.6 53.1
10 80.4 59.3 63.5 40.1
deepvofeat (d) 09 50.9 51.0 51.0 511
10 58.8 58.8 58.8 589

geonet (t) 09 317.1 | 3013 | 285.8 | 282.1
10 190.3 | 1693 | 152.0 | 137.1
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[Fig. 2] The full trajectories of the sequence 09 provided by the
ground truth and the four models: orb full, sfmlearner (t),
deepvofeat (d), and geonet (t). The frame interval for the
learning based models is 4
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[Fig. 3] Depth map prediction examples. From the top: an RGB
image, and the predicted depth maps of sfimlearner (t),
deepvofeat (d), and geonet (t)
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[Table 4] Depth prediction performances

model abs_rel rms 0 <125
stmlearner (p) 0.198 6.565 0.718
stmlearner (d) 0.198 6.565 0.718
sfmlearner (t) 0.212 7.286 0.665
deepvofeat (p) 0.135 5.585 0.820
deepvofeat (d) 0.136 5.466 0.833
geonet (p) 0.153 5311 0.847
geonet (t) 0.186 6.439 0.734
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