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Abstract

far. Most depth estimation methods [3, 9, 15, 16] are focusing on stereo approaches, which achieve high performance. For mobile application, however, monocular approach [4, 6, 14] is more applicable and efficient way due
to the number of cameras, energy consumption, memory
usage, etc. although their accuracy is lower than that of
stereo approaches. Among the monocular depth estimation methods, Godard [6] achieved the best performance in
CVPR 2017 due to generating right side image from the
left image with left-right consistency. We selected Godard
method [6] as our baseline application. In terms of computational complexity and memory requirement, the CNN
encoder-decoder architectures require huge resources because deeper structure or overlapping information from previous layers tends to improve their performance. This feature makes it difficult to efficiently apply to embedded hardwares and mobile as well.
Therefore, it is very important to reduce computational
complexity and memory requirement of CNN encoder by
appropriately adjusting weight parameters or the whole network architecture. The most intuitive way to reduce the
number of weight parameters is using a very small-sized
kernel window such as 1-by-1 or greatly limit the depth
of output channels with appropriate sub-sampling. However, those can be disadvantageous in terms of performance because the absolute amount of trainable data can
be strongly limited. Therefore, in prior works, after applying the above method, re-expansion is performed by various
techniques [8, 10, 12, 13].
This paper makes the following contributions. First, we
propose a lightweight CNN encoder suitable for embedded
devices by considering both weight parameters and computational dilation. In particular, the encoder CNN is carefully designed so that Godard [6] can be executed on an
embedded device, NVIDIA Jetson TX2 [1]. Second, we
present our evaluation results which show that our model
consumes 3.88 ∼ 5.37× less energy while running 2.54 ∼
3.11× faster compared with original method [6] at the expense of only 1.66%p ∼ 2.08%p performance degradation.

Recently, deep architectures for depth estimation have
been proposed for many applications as depth is a very essential element of 3D geometry in computer vision. However, we still need to make the architectures efficient in terms
of model size and computation complexity in order for them
to be adopted in mobile environments. While model size
has been reduced greatly current state-of-the-art compression techniques, the amount of computation has not been
much. In this paper, we propose a lightweight architecture
that also reduces computational complexity by adopting
RR(Reduction and Reconstruction) block. The design principles are motivated by Tiny-Darknet which is one of image classification architecture. We basically refer to existing compression techniques, but limit maximum number of
convolutional layer expansions that have been implemented
for performance preservation. Through this, total amount of
computation does not increase more than a certain amount.
Our architecture shows significant architectural savings 30
∼ 59× in the number of trainable parameters compared to
existing architectures. Furthermore, we demonstrated our
architecture on the mobile GPU hardware and affords from
3.88 ∼ 5.37× less energy consumption and 2.54 ∼ 3.11×
faster runtime while allows only 1.66%p ∼ 2.08%p performance degradation compare to our baseline application.

1. Introduction
Depth estimation is a core problem for many computer vision applications, including AR/VR localization,
3D model reconstruction, and autonomous vehicles and
UAVs and their applications extend to mobile environments in which there have been little consideration so
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Table 1: Our proposed network model (OFMs refers to output feature maps, IFM refers to input feature maps, K is the
kernel size, and Rpt is a repetition in a RR block)
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Figure 1: Energy consumption of NVIDIA Jetson TX2.
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Figure 2: Depth estimation map results on KITTI 2015.
Table 2: Results on KITTI 2015

2. Network Design
Application

Depth estimation methods often consist of encoderdecoder model. Monocular depth estimation of [6] also
uses a similar architecture combining well-known CNNs
such as Alexnet, VGG, and ResNet. Those architectures
are known for good performance in many applications but
do not pay much attention to the memory, energy consumption and speed, which can be very important in mobile environments.
To overcome this problem, we designed a new model
that does not go through multiple layer expansions, so computations will not increase significantly. Moreover, through
design space exploration, we found that it is usually better
to perform the above process repeatedly and up to 2 times
of repeating can reach the target performance without significant increase in computation. We call the block that performs the above RR block (Reduction and Reconstruction
block). Multiple RR blocks can be considered as needed. A
sub-sampling layer is connected between blocks. We consider limiting kernel size to 3-by-3 to reduce the number
of weight parameters and strongly restrict the depth of the
output channels.
The architecture we propose is detailed in Table 1. There
are three RR blocks and the repetition of re-expansion is set
to 1, which is not the maximum number but it was found
sufficient. In addition, to compensate for performance during training phase, a dropout layer was added with the ratio
of 0.7.

monoDepth/
ResNet [6]

monoDepth/
VGG [6]

monoDepth/
Ours

Model size (MB)
670
362
FP ops∗ (×109 )
19.40
2.24
D1-all (%)
8.78
9.20
Runtime (s)
0.33
0.27
Power (W)
4.05
3.59
Energy (J)
528.15
382.90
*FP operations are for the encoder part only.

12
0.49
10.86
0.10
2.34
98.28

ARM-A57 CPU and Jetson TX2 as a GPU with 8GB of
main memory. We compiled Tensorflow 1.4.0 [2] from
source for the ARM architecture and ported it to TX2 board
with CUDA 8.0 and cuDNN 6.0 support. We evaluated our
architecture using KITTI 2015 dataset [5].
As shown in Figure 1 and Table 2, Our model shows
3.88 ∼ 5.37× less energy consumption and 2.54 ∼ 3.11×
faster while allowing only 1.66%p ∼ 2.08%p performance
degradation compared with complex encoders [7, 11].

4. Conclusion
In this paper, we proposed a variant of models based on
RR block model that is vastly improved in terms of speed
and model size that it can be now run on resource-limited
mobile GPUs such as TX2. Our design approach limits
the total amount of computation and regulates reductionexpansion repetition, bearing in mind the overall computational complexity. When applied to monocular depth estimation, our evaluation shows that our proposed model
can achieve multiple times improved results in terms of
throughput and energy consumption while maintaining a
similar level of performance.

3. Experimental Results
For evaluation we use a mobile GPU board, NVIDIA
Jetson TX2 Development Kit [1]. It consists of quad-core
2
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