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Abstract: The knowledge of environmental depth is essential in multiple robotics and computer
vision tasks for both terrestrial and underwater scenarios. Moreover, the hardware on which this
technology runs, generally IoT and embedded devices, are limited in terms of power consumption,
and therefore, models with a low-energy footprint are required to be designed. Recent works aim
at enabling depth perception using single RGB images on deep architectures, such as convolutional
neural networks and vision transformers, which are generally unsuitable for real-time inferences on
low-power embedded hardware. Moreover, such architectures are trained to estimate depth maps
mainly on terrestrial scenarios due to the scarcity of underwater depth data. Purposely, we present
two lightweight architectures based on optimized MobileNetV3 encoders and a specifically designed
decoder to achieve fast inferences and accurate estimations over embedded devices, a feasibility study
to predict depth maps over underwater scenarios, and an energy assessment to understand which is
the effective energy consumption during the inference. Precisely, we propose the MobileNetV3S75

configuration to infer on the 32-bit ARM CPU and the MobileNetV3LMin for the 8-bit Edge TPU
hardware. In underwater settings, the proposed design achieves comparable estimations with fast
inference performances compared to state-of-the-art methods. Moreover, we statistically proved that
the architecture of the models has an impact on the energy footprint in terms of Watts required by the
device during the inference. Then, the proposed architectures would be considered to be a promising
approach for real-time monocular depth estimation by offering the best trade-off between inference
performances, estimation error and energy consumption, with the aim of improving the environment
perception for underwater drones, lightweight robots and Internet of things.

Keywords: depth estimation; embedded devices; energy; real-time; underwater

1. Introduction

The perception of the surrounding environment and the overall energy consumption
are two crucial characteristics for the design of IoT-enabled robotic systems that have to
interact and move in both terrestrial and underwater scenarios [1]. Indeed, these devices
are generally powered with batteries, and therefore, their lifespan can be increased if the
software is designed to be energetically efficient. In our specific scenario, this comprehends
the designing of deep models which require the least possible amount of energy during
the inference phase. Environment perception is commonly performed through passive
systems such as LiDAR and sonar devices that can detect and measure the presence and
position of objects or obstacles in the surrounding environment through the emission of
a light or sound signals. However, such devices are often bulky and expensive, making
them unsuitable for many possible application scenarios, such as mounted on small robots,
underwater drones, or used in impervious locations. Moreover, those systems, due to
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their light design, are usually characterized by limited computational memory and energy
availability. Under these constraints, camera-based measurements and deep learning (DL)
algorithms might be viable solutions.

The monocular depth estimation (MDE) is a DL task where the depth related to the
scene is estimated through a single RGB image. In recent computer vision and deep learn-
ing trends, researchers focus their attention on achieving the highest estimation accuracy
without taking into account the computational effort and the energy consumption required
to run developed models in real-world vision applications such as small robots, aerial and
underwater drones. In the MDE task, this tendency can be noticed in recent proposed
works such as [2–5]. Those algorithms typically infer in the cloud or on dedicated servers
without considering possible low-resource hardware constraints. On the other side, some
recent DL studies such as [6,7] are going against this paradigm, analyzing the Edge TPU’s
capabilities in deep learning tasks. The embedded hardware is characterized by low-power
consumption and limited memory capacity, acting as a performance bottleneck for DL-
based techniques. Regarding monocular depth estimation, only a few works propose a
solution for porting such complex tasks on low-resource platforms. There are two main
approaches: [8–10] that focus on MDE on microcontroller and ARM-powered devices with-
out taking into account the inference frequency and [11–13], which analyze the inference
performances of MDE on low-power embedded GPUs. Furthermore, MDE methods are
usually trained in supervised learning strategies on indoor and outdoor terrestrial datasets
such as [14,15]. Although estimating depth and the distances to objects could be a critical
feature for autonomous underwater systems, due to the lack of labeled data, only a few
works such as [16–19] propose qualitative underwater depth measurements by relying on
color restoration and the correspondence between depth and visual-style levels.

This work investigates the previously mentioned issues by choosing benchmark
hardware components, an ARM CPU and an Edge TPU, which are widely employed
in lightweight robots and AI-accelerator platforms (e.g., Coral Dev Board). Due to the
constraints introduced by the selected embedded hardware, we propose two models for
two different precision data types, i.e., 32-bit floating points to infer on the ARM CPU and
8-bit integers for the Edge TPU.

The contributions of this paper can be summarized as follows:

• We propose two lightweight MDE deep learning models that are able to achieve
accurate estimations and fast inference frequencies on two embedded IoT devices;

• We conduct a feasibility study of such architectures in underwater scenes;
• We conduct a series of energy measurements during the inference of the proposed mod-

els to statistically prove their effective difference in the mean average consumption.

The paper is organized as follows: Section 2 reviews some previous works related to
lightweight MDE methods in terrestrial and underwater scenarios and to energy-oriented
deep learning. Section 3 describes the proposed architectures, while in Section 4 are
presented their implementation details and the hyperparameters settings. Section 5 shows
the obtained results in the two analyzed scenarios. Section 6 presents a statistically validated
energy assessment of all the considered models. Finally, the last Section 7 concludes our
study with some considerations on the underwater setting, energy consumption impacts in
deep learning, and possible future works.

2. Related Works

In this section, we report state-of-the-art-related works for terrestrial and underwater
depth estimation, respectively, in Sections 2.1 and 2.2, as well as previous studies on
energy-oriented deep learning models in Section 2.3.

2.1. Lightweight Terrestrial Monocular Depth Estimation

Monocular depth estimation methods are usually trained on terrestrial images using
large-scale datasets such as the NYU Depth V2 [14] and the KITTI [15] datasets. Under
resource-constrained scenarios, few works have been proposed so far to port such complex
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tasks on low-resource platforms. Previous research trends have mostly focused on two
approaches based on these restricted assumptions. The first one directs its attention on
microcontroller and ARM-powered devices without taking into account fast inference
frequency performances. Poggi et al. [9] propose PyD-Net, a pyramidal feature extraction
architecture to infer on low-energy devices. The model is aimed to overcome cutting-edge
design difficulties, which are often deep and complicated, requiring dedicated hardware
for their execution such as high-end and power-hungry GPUs. Peluso et al., on their side,
propose [8,10]. The first work presents a framework for optimizing inference performance
in order to produce a low-latency/high-throughput code. The system has been evaluated on
the PyD-Net architecture, demonstrating good accuracy estimation with a number of resources
compliant with ordinary CPUs. Furthermore, the second work builds on the previous one
by presenting µPyD-Net, a model designed to tackle the MDE task under microcontroller
computational power constraint and random access memory limitations. The authors also
investigate the performance degradation caused by the quantization procedure, i.e., the model
conversion from 32-bit to 8-bit precision data type.

The second trend of research investigates MDE inference performances on low-power
GPUs. Spek et al. [13] propose CReaM, a model developed through a knowledge transfer
strategy between a large supervisor model and the constrained one, to achieve accurate
and real-time performances on the reference NVIDIA-TX2 GPU. Wofk et al. [12] present
FastDepth, an architecture based on the MobileNet V2 encoder and a specifically designed
decoder that achieves near real-time frequency performances on the NVIDIA-TX2 CPU and
high frame rates on the considered GPU. Papa et al. [11] propose SPEED, a separable pyra-
midal pooling architecture designed to achieve real-time frequency performances on both
cloud CPU, TPU, and edge devices, e.g., NVIDIA-TX1 GPU. The model makes extensive
use of depthwise separable convolutions to achieve fast and accurate depth estimations.

Differently from these approaches, we propose to develop architectures that consider
inference performances together with different precision data types, i.e., designing models
capable of achieving real-time inferences on both 32-bit ARM CPUs and 8-bit Edge TPUs.

2.2. Underwater Depth Estimation

Compared with terrestrial monocular depth estimation, very few works focus on the
estimation of depth in underwater environments due to the lack of training data. Moreover,
due to the limited visibility and distortions introduced in underwater vision, researchers
mainly focus on color restoration processes. Peng et al. [18] propose to estimate underwa-
ter depth distances using as features the image blurriness, where objects that are farther
away appear more blurry than closer ones. Then, the estimated depth map is used to
enhance respective RGB images using the image formation model. Drews et al. [19] present
Underwater DCP, an improved Dark Channel Prior image restoration process for under-
water scenarios. The approach computes colorized relative depth maps in order to extract
geometrical information about the objects and, as a result, improves the visual quality
of underwater images. Gupta et al. [17] propose a method composed of two connected
dense-block-based auto-encoders to transform images from a hazy underwater domain to
a hazy terrestrial (indoor) RGBD domain and vice versa. Ye et al. [16] propose a framework
trained in an adversarial learning manner composed of two networks. The first network
exploits a style adaptation model to learn style-level transformations to adapt terrestrial
images to the style of the underwater domain, with the objective of rendering synthetic
underwater images starting from terrestrial RGBD data. Then, the second network is used
to jointly estimate the scene depth and correct the color from a single underwater image.

However, such methods are focused on closing the gap between underwater and
terrestrial images, mainly proposing qualitative underwater depth estimations which rely
on color restoration and on the correspondence between depth and visual-style levels. In
contrast, we propose to shift the knowledge of the model from a terrestrial to an under-
water scenario, exploiting color restoration processes to achieve effective and quantitative
depth measurements.
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2.3. Energy-Oriented Models

The energy footprint of the inference performed with deep learning models is not
widely addressed in the literature. However, it becomes essential when models have to
be installed in energy-constrained devices, which can be the typical usage scenario of
lightweight models. Indeed, the preference for an energy-saver model is decisive in this
case. Daghero et al., in [20], illustrate the most relevant techniques used for optimizing
neural network models to support inference at the Edge. The techniques are divided into
two main categories: the ones which are static and performed at the design time and the
ones which are defined as dynamic since they depend on the input. However, the energy
aspect, from a quantitative point of view and in terms of current or power, is not taken
into consideration. Wang et al. in [21] propose a GPU implementation of RNN, which
is based on a memristor technique. However, we assume the hardware architecture to
be constrained, and we focus on the energy consumption of the specific models in the
same hardware architecture. Lee et al. in [22] propose the logarithmic encoding of the
weights in order to reduce the computational footprint of the model and, as a consequence,
the energy efficiency, but the authors did not take into account the specific gain in terms
of power consumption. Instead, in [23], the authors propose an energy-efficient toolkit
for performing inference in Edge Computing. The toolkit is based on the “Fast Artificial
Neural Network” (FANN) library to run inference in microcontrollers based on ARM CPUs;
the authors also present power and energy studies of the proposed toolkit. However,
in this paper, we focus on more powerful devices such as the Coral Dev Board, and we
provide an energy assessment for models based on running with the TensorFlow Lite
library. In [24], the authors propose a methodology for improving the energy efficiency
of neural network models based on the possibility of re-using the computation, however,
the energy assessment is simulated as a run in a microcontroller. Finally, Tasoulas et al.,
in [25], propose neural networks’ approximated multipliers with multiple accuracy levels
at runtime. The approach has the objective of reducing the computational complexity of
the Multiply-and-Accumulate (MAC) operation, which is at the core of neural networks’
inference process. However, the gain in terms of actual energy within a sample hardware is
not taken into consideration, which is a part of the purpose of this work.

3. Proposed Method

This section describes the MDE architectures developed to achieve the best trade-
off between real-time frequency performance and estimation accuracy across multiple
scenarios. We designed those models in compliance with two essential concepts: the speed to
maximize the inference frequency on embedded devices, and the robustness to maximize the
estimation accuracy across two datasets [14,26]. Our solution exploits an encoder–decoder
model, similar to previous related works, such as [11,12]. In more detail, we perform an
in-depth study on lightweight encoders pre-trained on ImageNet [27] to improve their
generalization capabilities. A graphical overview of the proposed architectures is reported
in Figure 1.

RGB Input (96, 128, 3) Depth-map (48, 64, 1)Decoder

(6, 8, 64)
(12, 16, 32)

(24, 32, 16)

(3, 4, 128)

(48, 64, c)
(24, 32, c)

(12, 16, c)
(6, 8, c)

UpS

MobileNetV3

UpSUpSUpS

Figure 1. Graphical overview with respective input shapes of the proposed encoder–decoder
structure. The number of channels (c) for MobileNetV3 and MobileNetV3LMin are, respectively,
[16, 16, 72, 96] S75 and [16, 64, 72, 240].
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We chose MobileNetV3 [28] as the baseline encoder for further refinement. This fully
convolutional network is built on a sequence of downsampling inverted residuals blocks,
each one characterized by a Squeeze-and-Excite [29] block followed by a pointwise and a
depthwise convolution. This procedure keeps a limited number of multiply and accumulate
(MAC) operations, thus leading to significant speed improvements without introducing
any substantial estimation error compared to other lightweight networks [30–33].

To tackle the MDE task under low resource constraints, we propose two configurations
of the chosen baseline encoder, respectively, named MobileNetV3S75 and MobileNetV3LMin.

The MobileNetV3S75 model is the Small (S) configuration of the MobileNetV3 [28] with
a reduction of 25% of the original convolutional filters while the MobileNetV3LMin is based
on the deeper Large (L) but Minimalistic (Min) configuration of the MobileNetV3. It is a
variant of the original Large architecture where the Squeeze-and-Excite blocks are removed,
Hard-Swish activations are replaced with ReLUs, and 5× 5 convolutions are replaced with
3× 3 ones. The MobileNetV3S75 model with its shallower design is designed to run on the
32-bit ARM CPU, while the deeper MobileNetV3LMin architecture can be exploited on 8-bit
Edge TPU devices. As will be shown in Section 5, the two encoders, based on different
configurations of the same baseline architecture, are both able to achieve almost real-time
performances and a notable estimation accuracy in their respective embedded hardware
when compared with other lightweight backbones [28,30,32,33].

Furthermore, to maximize the estimation accuracy and reconstruction capabilities of
the network, we designed from scratch a fully convolutional decoder that generalizes over
the developed encoders. It is composed of a sequence of four cascaded up-sampling blocks
(UpS) that increase the spatial resolution while merging the encoded features through a
skip-connection to reconstruct the output depth map (see Figure 1). Each UpS, named
TDSConv2D, is composed of two 3 × 3 convolutional operations, a transposed and a
depthwise separable one interleaved by the skip-connection used to retrieve the image
details from the encoder feature maps. This design allows for us to limit the number of
computed operations, restricting the computational complexity while improving the overall
inference frequency, as will be shown in Section 5.2.

4. Implementation Details

We trained the reported architectures with the same input–output resolution (re-
spectively, 96 × 128 and 48 × 64) on the NYU Depth V2 [14] dataset with the official
train-test split. We evaluated the generalization capabilites in underwater scenarios with
respect to comparable state-of-the-art related models over the 57 stereo samples of the
underwater SQUID [26] dataset. This study has been performed using TensorFlow 2
(https://www.tensorflow.org/, accessed on 12 February 2023) deep learning high-level API.
Each compared model was initialized on ImageNet [27] pre-trained weights. ADAM [34]
optimizer was used in all the experiments with the following setup: learning rate 0.0001,
β1 = 0.9, and β2 = 0.999. We had set a batch size of 32 and trained the models for a
total of 30 epochs on the chosen dataset. Once the training phase was completed, each
model was converted and evaluated in TensorFlow Lite (https://www.tensorflow.org/lite,
accessed on 12 February 2023), an open-source framework specifically designed to infer on
embedded devices. Finally, as introduced in [35], to evaluate and compare the performance
of proposed models, we considered the most commonly used metrics in MDE: the root-
mean-square error (RMSE), the relative error (REL) and the accuracy value δ1. Their formal
definitions are reported in Equations (1)–(3), where pi and gi are, respectively, the predicted
depth map and its ground truth, while P denotes the total number of the evaluated pixels.

RMSE =

√
1
|P| ∑i∈P

||pi − gi||2 (1)

REL =
1
|P| ∑i∈P

|pi − gi|
gi

(2)

https://www.tensorflow.org/
https://www.tensorflow.org/lite
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δ1 =
1
|P| ∑i∈P

(γ(pi, gi)) where γ(pi, gi) =

{
1 if max

(
pi
gi

, gi
pi

)
< thr

0 otherwise
(3)

In the last equation, thr is a threshold commonly set to 1.25.
Moreover, we compare the inference performances measured in frame-per-second

(fps) using an Edge processing unit, the 4GB Google Coral Dev Board (https://coral.ai/
products/dev-board/, accessed on 12 February 2023), a cheap and low-power embedded
device equipped with a 32-bit ARM Cortex CPU and an 8-bit Edge TPU.

5. Results

This section compares the proposed architectures and the assessed encoders and
decoders over different precision data types. The main results are obtained on the terrestrial
dataset, while in the feasibility study, we analyzed the models’ estimation capabilites in
underwater settings.

We report in Sections 5.1 and 5.2 the individual contributions of the proposed encoders
and the decoder, described in Section 3, while in Section 5.3 we analyze the accuracy and
inference performances changing the input–output image resolution; in Section 5.4, we
conduct the feasibility study to estimate depth maps over the underwater scenario.

5.1. Encoders

The first performed analysis is focused on the comparison of several lightweight
pre-trained architectures such as [28,30–33] in order to choose the best encoder for our
task. The estimation capabilites of those encoders with the proposed decoder structure are
reported in Table 1; as can be noticed, the Small variant of the MobileNetV3 (Mob.NetV3S)
obtains the highest frequency performance (close to 30 fps) on the CPU.

Table 1. Depth estimation comparison of lightweight pre-trained encoders (32-bit float) with the
TDSConv2D as an up-sampling block over the NYU Depth v2 dataset. The best results are in bold
and the second best is underlined.

Method RMSE↓ REL↓ δ1 ↑ CPU↑
[dm] [fps]

Eff.NetB0 [32] 6.01 0.179 0.728 4.4
NasNetMob. [33] 8.70 0.276 0.539 6.5
Mob.NetV1 [30] 5.70 0.165 0.760 8.8
Mob.NetV2 [31] 5.72 0.169 0.759 11.3
Mob.NetV3S [28] 6.77 0.207 0.682 26.2
Mob.NetV3L [28] 6.39 0.195 0.698 13.4

Based on the reported results, with the goal of achieving real-time inference per-
formances, we chose as baseline encoders the Small (S) and Large (L) configurations of
the MobileNetV3 (the last two rows of Table 1). Compared with the more accurate Mo-
bileNetV1, those models show a boost of 153% and 300% on the inference frequency at the
expense of a slight increase in the RMSE equal to 12% and 17%, respectively.

As a second step, we focused on the optimization of the two baseline encoders adopt-
ing different configurations. A graphical comparison between the frame rates (fps) and the
estimation error (RMSE) of the different configurations is reported in Figure 2; we used
30 fps as a reference value to identify the target (real-time) inference frequency, as seen in
previous works [12,13].

https://coral.ai/products/dev-board/
https://coral.ai/products/dev-board/
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(a) (b)

(c)

Figure 2. Graphical comparison between different MobileNetV3 configurations tested over the NYU
Depth v2 dataset. The RMSE is reported in each graph in different ranges due to the respective error
distribution and frame-per-seconds (fps). The red-dotted line is used to represent the real-time frame
rate i.e., 30 fps, while the colored dotted segments in orange and light blue, respectively, are used
to identify the best models. (a) The evaluated models for ARM CPU, 32-bit floating point precision.
In orange, the best configuration, named MobileNetV3S75 (orange dot); (b) The evaluated models
for Edge TPU, 8-bit integer precision. In light blue, the best configuration, named MobileNetV3LMin

(light-blue dot); (c) The list of the compared models.

Precisely, we compared multiple setups of the shallower MobileNetV3S and deeper
MobileNetV3L configurations with the following modifications: reducing the number of
convolutional filters by a specific percentage value, i.e., 50%, 75%, 200% on the encoder and
50% on the decoder, while fixing their size to 3× 3 in the Min variant, instead of 5× 5 used
in the original model. We compared all the considered architectures in Figure 2. The names
used for the different models are composed as follows: the name of the baseline backbone
(Mob.NetV3) followed by the subscript S or L and the type of optimization applied. For
example, MobileNetV3SHD is the MobileNetV3 in the S configuration with a reduction
of 50% in the original convolution filters, whereas the MobileNetV3LMin75 is the L and
minimalistic (Min) MobileNetV3 configuration with a reduction of 75% of the convolution
filters. From this analysis, we identified the two best models named Mob.NetV3S75 (orange
dot in Figure 2a) and Mob.NetV3LMin (light-blue dot in Figure 2b), respectively, for the
ARM CPU and Edge TPU.

The selected networks are able to achieve near real-time performances on both hard-
ware, i.e., 29.6 fps on the CPU and 26.8 fps on the TPU, and an RMSE of 6.86 and
11.54 decimeters, respectively. Moreover, the increased depth estimation error obtained for
the MobileNetV3LMin on the Edge TPU is justified by the quantization operation, which
compresses the model from 32-bit floating points to 8-bit integers. Finally, a complete
overview of the results achieved by the two proposed models is reported in Table 2 while
using the TDSConv2D decoder.

Table 2. Quantitative evaluation of the proposed models, the 32-bit floating point and the 8-bit integer
precision, inferring on the ARM CPU and the Edge TPU.

Method Type RMSE↓ REL↓ δ1 ↑[dm]

Mob.NetV3S75 32-bit 6.86 0.209 0.666
Mob.NetV3LMin 8-bit 11.54 0.429 0.412
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5.2. Decoder

Once the encoder configuration has been determined, we compared five different UpS
blocks. The up-sampling operation has the fundamental role of progressively increasing
the features resolution learned by the encoder while reconstructing the image details to
obtain the final output depth map.
The detailed characteristics of each UpS are below reported:
• UpConv2D: a 2× 2 up-sampling layer followed by a 3× 3 convolution.
• UpDSConv2D: a 2× 2 up-sampling layer followed by a 3× 3 depthwise separable

convolution.
• NNConv5 [12]: a 5× 5 convolution followed by a 2× 2 up-sampling with the nearest-

neighbor interpolation.
• TConv2D: a 3× 3 transposed convolution followed by a 3× 3 convolution.
• TDSConv2D: a 3× 3 transposed convolution followed by a 3× 3 depthwise separable

convolution.
The quantitative comparison of the evaluated UpS over the respective encoder architec-

ture and precision data type is reported in Table 3. From the obtained results, we determine
TDSConv2D to be the best up-sampling block since it is able to guarantee almost-real-time
frequency performances over both 32-bit floating points and 8-bit integer architectures
while showing the lowest RMSE. Moreover, two important aspects can be inferred from
Table 3:

• The use of depthwise separable convolutions guarantees a boost of the frame rate in a
range from 150% up to 200% with respect to classical convolutions.

• The transposed convolution layers achieve a comparable speed with respect to up-
sampling operations (with a difference less than 2 fps) with an average RMSE im-
provement of almost 3%.

Table 3. Comparison of different decoders with the proposed encoders tested over the NYU Depth
v2 dataset.

Up-Sampling Block
MobileNetV3S75 (32-bit Float) MobileNetV3LMin (8-bit Int)

RMSE↓ REL↓ δ1 ↑ CPU↑ RMSE↓ REL↓ δ1 ↑ TPU↑
[dm] [fps] [dm] [fps]

UpConv2D 6.95 0.211 0.664 15.2 12.27 0.360 0.376 16.9
UpDSConv2D 7.02 0.212 0.660 31.1 13.55 0.399 0.283 28.3
NNConv5 [12] 7.69 0.236 0.608 6.8 21.86 0.654 0.030 9.5
TConv2D 6.88 0.204 0.669 18.1 17.63 0.836 0.218 17.5
TDSConv2D 6.86 0.209 0.666 29.6 11.54 0.429 0.412 26.8

5.3. Input–Output Resolution

In this subsection, we analyze the behavior of the network while providing different
input–output resolution pairs. We report in Table 4 the quantitative results where it is
evidenced that both input and output dimensions remarkably affect the inference frequency
on embedded devices. First of all, the input resolution has a stronger effect with respect
to the output. This aspect can be recognized by observing, for example, the inference
frequency boost (212% on the CPU and 339% on the TPU) while reducing the input
resolution from 192× 256 pixels to 96× 128 pixels, keeping fixed the output resolution to
48× 64. Vice versa, the resolution reduction in relation to the output depth map leads to
a less noticeable inference frequency boost of 165% on average on the CPU and 146% on
the TPU. Moreover, the final RMSE is not remarkably affected by the input–output image
resolutions, with a maximum difference equal to 1.7 decimeters on the CPU and 8.6 on the
TPU. Finally, from the reported analysis, we can conclude that the 96× 128 input resolution
and the 48× 64 output resolution are the best trade-offs between speed and estimation
error, and thus, are chosen for the proposed architectures.
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Table 4. Comparison of the proposed encoder–decoder models with different input–output resolu-
tions on the NYU Depth v2 dataset.

Resolutions MobileNetV3S75 (32-bit Float) MobileNetV3LMin (8-bit Int)

Input Output RMSE↓ REL↓ δ1 ↑ CPU↑ RMSE↓ REL↓ δ1 ↑ TPU↑
[dm] [fps] [dm] [fps]

192× 256 192× 256 6.38 0.194 0.687 5.8 20.19 0.961 0.051 4.5
192× 256 96× 128 7.09 0.215 0.652 9.6 12.85 0.363 0.342 6.6
192× 256 48× 64 7.01 0.211 0.654 13.9 12.32 0.314 0.349 7.9
96× 128 96× 128 8.07 0.244 0.571 20.3 11.56 0.413 0.407 17.3
96× 128 48× 64 6.86 0.209 0.666 29.6 11.54 0.429 0.412 26.8

5.4. Feasibility Study in Underwater Settings

In this section, we perform a feasibility study to understand the behavior of such
models in the estimation of underwater depth maps. Due to the lack of underwater-
labeled depth data publicly available for research, we compared state-of-the-art MDE
methods (working at 32-bit precision) pre-trained on the terrestrial NYU Depth V2 dataset
while evaluating their generalization capabilities by testing on the underwater dataset [26].
Other depth estimation methods designed for underwater environments such as [16–19]
are not taken into account since their main task is the color restoration process without
providing quantitative measurements of depth estimation error. We applied [36] as a pre-
processing operation to the SQUID images in order to fix the color imbalance and recover
their contrasts. Moreover, due to the different input–output image resolutions among the
compared methods, we resized their predicted depth maps at the same 48× 64 output size.
The obtained results are reported in Table 5.

Table 5. Generalization capability comparison over the SQUID dataset [26].

Method RMSE↓ REL↓ δ1 ↑ CPU↑ Parameters
[m] [fps] [M]

DenseDetpth [5] 5.23 5.275 0.047 < 1 42.6
FastDepth [12] 5.17 5.493 0.055 2.0 3.9
SPEED [11] 4.49 4.732 0.088 6.2 2.6
Mob.NetV3S75 4.49 4.956 0.089 29.6 1.1

We evaluated SQUID images only in those areas where depth distances are reported,
without taking into account some missing depth distances present in ground truth images,
a well-known behavior caused by the limitations of passive depth technologies in the
acquisition of data. We can observe this fact in Figure 3 (third column), where missing
depth measurements are represented as yellow pixels. As can be seen from the reported
results, despite the high estimation error achieved by all the methods with respect to the
terrestrial dataset, the proposed MobileNetV3S75 with only 1.1M of training parameters
outperforms both [12] and [5] while obtaining the same RMSE and a higher δ1 to [11].
In addition, the proposed model achieves a boost on the inference frequency equal to ×4.7
with respect to [11] on the same benchmark hardware.

We assume that the underwater predictions are caused by a sensible statistical gap
between the terrestrial training set and the underwater test set; we expect better results
when a dedicated underwater dataset equivalent to the terrestrial one becomes available.

Moreover, to have a better understanding of the image preprocessing effects and
a graphical comparison between the estimated and the ground truth underwater depth
maps, we report in Figure 3 some dataset samples. Observing the images from left to right,
we report the input samples (RGB Images) extracted from the SQUID dataset, the input
samples after the prepossessing operation, and lastly, the ground truth (GT) and predicted
depth (Pred) maps on which we apply a uniform colormap extracted from the ground truth
samples. The reported depth maps show one of the advantages of MDE technology with
respect to passive depth sensors, i.e., the estimation of filled depth maps (without missing
measurements). Furthermore, by qualitatively comparing the predicted depths, we can
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see that the proposed solution is capable of handling the task by proposing blurred but
reasonable depth estimations.

RGB Image RGB  with [36] GT Depth Map Pred Depth Map

Figure 3. MobileNetV3S75 qualitative results over the SQUID dataset. The depth maps are all resized
to the same image resolution and converted in RGB format with a perceptually uniform colormap
(plasma-reversed) extracted from the ground truth, for a better view. Yellow ground truth depth-map
pixels represent missing depth measurements.

6. Energy Assessment

In this section, we provide an approach for measuring and analyzing the energy
consumption of the proposed models during the inference phase. The objective of the study
is to measure the trace of the current and the voltage to the device in which the inference
is running and then find the total energy consumption (measured in Joule) of the test by
numerically computing the integral, given t the duration of the experiment:

Ei(t) =
∫ t

0
i(x)v(x)dx (4)

The measurements were taken by using, in conjunction, two devices and a volt-
age/current sensor (Figure 4). The first device (Device A) is the one in which the inference
is run. We used a Raspberry Pi 3 and the Google Coral DevBoard. The second device
(Device B), a Raspberry Pi 3, is connected via I2C protocol to a voltage/current sensor
breakout board based on the Texas Instruments INA226. The current flowing to Device
A passes through the sensor, which measures the voltage and current at the same time.
The sensor has a sampling rate that is approximately near to 2000 Hz. Therefore, it al-
lows for capturing the power behavior even for neural networks with FPS greater than
30 fps (standard real-time threshold value). In this particular case, we estimate to have
≈ 66 samples for every frame. We remark that the sampling rate is not constant, but it
depends on the CPU activity.
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Device A 
(runs the inference)

Device B 
(collect sensor data)

INA226 
Sensor

5V Power 
Delivery I2C

Figure 4. The conceptual diagram of the measurement setting. Device A performs the inference,
while Device B collects the measurement data of the current and voltage from the INA226 sensor via
the I2C protocol.

The tests presented in this section are based on 100 sessions of 25 s in which we loaded
each image from persistent storage and 100 sessions of 40 s where the entire dataset was
loaded in RAM before starting the inference. Device B started recording the current and
voltage measurements, and in parallel, the inference was started on Device A for the given
amount of seconds.

6.1. Current and Voltage Footprint

The purpose of this section is to study the current and voltage traces of the inference
process. We selected, as a test, the model which uses MobileNetV3LMin as encoder and
TDSConv2D as decoder (see the model with i = 19 in Table 6). This was selected because
the model in question has a low inference frame rate, thus allowing to clearly highlight
its energy behavior during the inference of every frame. We ran two experiments in the
first (Figure 5); we only performed the inference for 20 s, while in the second (Figure 6),
we first loaded the entire dataset in RAM and then we performed the inference process.
Figure 5 shows the traces of current (in blue) and voltages (in orange) during the entire
test. We can easily distinguish from the graph the main phases of the procedure. Phase
A comprehends the start of the test routine, while in phase B, we executed a process
sleep of 3 s (we used the Python function time.sleep() in order to highlight in the
charts when the inference process started); then, the C phase regards the inference,
and finally, in the D phase, the device returns to the idle state. What we can observe is that,
first of all, the sleep phase has an instant current absorption of 700 mA, which is slightly
higher than the idle phase in which we have 680 mA. Then, during the inference, we can
easily distinguish each analyzed frame. This is because the model runs at about 4.60 FPS.
Every frame inference begins with a current drop of about 100 mA on average due to the
passage to the next frame and the tensor allocation for the inference. The instant power
consumption during the inference is, on average, 4.589 W.

Moreover, in Figure 6 we report the result of the same test while keeping the dataset
entirely loaded in RAM during phase B. In this second test, the loading of the dataset in
memory requires about 5.6 s (phase B); then, the script executes the sleep for 3 s (phase
C) and the inference (phase D) for 20 s. Finally, the system goes idle in phase E. What
we can observe from the traces is that the dataset load does not interfere with the actual
power consumption of the inference. What can be noticed is that having the image already
loaded in RAM, which can be the case of an image that is retrieved from a camera sensor,
makes the power trace during inference more stable. This is because loading images from
persistent storage is slow and requires a certain amount of waiting time, depending on the
size of the image.
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A

W

B C D
Frame i Frame i+1 Frame i+2

4

3

Figure 5. Trace of instant current and voltage obtained during the inference test for the model
MobileNetV3LMin. In the figure, the current signal is zoomed in order to highlight the behavior of
the current during the inference of the single frames. The figure shows phase A before running the
benchmark script, phase B which is a sleep phase of 3 s, phase C in which the inference is performed
continuously for 20 s and, finally, phase D where the system returns idle.

A B C D E
Frame i Frame i+1 Frame i+2

W

Figure 6. Trace of instant current, voltage and power obtained during the inference test for the
model MobileNetV3LMin but with the dataset entirely loaded in RAM (during phase B). In the figure,
the current signal is zoomed in order to highlight the behavior of the current during the inference of
the single frames. The figure shows phase A, before running the benchmark script, phase B, in which
the dataset is entirely loaded in RAM, phase C, which is a sleep phase of 3 s, phase D, in which the
inference is performed continuously for 20 s and, finally, phase E where the system returns idle.

6.2. Models Inference Energy Consumption

In our setup, the model inference is a CPU-bound task, and it does not require in-
teraction with storage or network, at least when the images to be processed are already
loaded in RAM. Moreover, the classic inference with a model is not distributed, and it is a
single-threaded operation. This means that during the inference, one CPU core will be used
at one hundred percent of its time, independently from the model that it is used. However,
different CPU operations have different energy consumptions. For example, the energy
required for memory access depends on the type of data read or written [37]. Motivated by
this idea, we studied which is the energy impact of the inference in every float32 model that
we considered in this paper, assuming that images are directly loaded from RAM, which is
the typical usage scenario when, for example, a camera is attached to the device.
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For performing the energy assessment of the models, we conducted a series of
100 tests per model as the one presented in Figure 6. For each test k s.t. 1 ≤ k ≤ 100
and for each model i s.t. 1 ≤ i ≤ 34, we then computed the total energy consumption
during the inference by using Equation (4), called Ek

i (t). From there, the energy consumed
per second is actually the average power requirement during the inference, for t = 20,
which is the duration of the experiment, can be defined as:

Pk
ai
(t) =

Ek
i (t)
t

(5)

We will omit the time t since it is fixed for every test. The average power requirement
for the inference of model i is the average among all tests, and then:

Pai =
Pk

ai

k
(6)

Table 6 shows the Pai sorted for every model. We also reported the confidence interval
based on the Student’s t-distribution with a p-value of 0.05. However, to give statistical
significance to the mean value of the power, we conducted the ANOVA test with 34 degrees
of freedom, that is, the number of models. The test, with a p-value = 0.05, reports a
significance of <0.001, F-Value = 35.83 and η2 = 0.26. This proves that some of the means
are effectively different from others.

Table 6. The list of all the tested models sorted by the Pai parameter, which is the energy consumption
of the Google Coral Devboard in Watts during the inference of the specified model.

Pai (p = 0.05) (W)
i Encoder Decoder In. Out. FPS FLOPs low. mean upp.

1 NasNetMob. TDSConv2D 96 × 128 48 × 64 6.76 290.4M 4.468 4.489 4.510
2 Mob.NetV3S75 TDSConv2D 96 × 128 96 × 128 18.25 52.2M 4.501 4.513 4.525
3 Mob.NetV3S75 UpDSConv2D 96 × 128 48 × 64 36.44 47.1M 4.502 4.522 4.541
4 Eff.NetB0 TDSConv2D 96 × 128 48 × 64 4.49 267.8M 4.505 4.529 4.552
5 Mob.NetV3SHD TDSConv2D 96 × 128 48 × 64 41.54 36.3M 4.509 4.529 4.550
6 Mob.NetV3LHD TDSConv2D 96 × 128 48 × 64 16.88 119.9M 4.525 4.543 4.560
7 Mob.NetV3LMinHD TDSConv2D 96 × 128 48 × 64 21.52 107.8M 4.533 4.554 4.575
8 Mob.NetV3S TDSConv2D 96 × 128 48 × 64 28.07 46.7M 4.538 4.558 4.577
9 Mob.NetV3S75 TDSConv2D 96 × 128 48 × 64 31.14 39.2M 4.546 4.562 4.579

10 Mob.NetV3S75 TDSConv2D 192 × 256 192 × 256 4.89 206.0M 4.540 4.563 4.586
11 Mob.NetV3LMin TDSConv2D 96 × 128 96 × 128 13.08 124.5M 4.541 4.563 4.586
12 Mob.NetV3LMin TDSConv2D 192 × 256 192 × 256 3.41 497.9M 4.545 4.567 4.589
13 Mob.NetV3LMin UpDSConv2D 96 × 128 48 × 64 18.88 127.0M 4.553 4.573 4.594
14 Mob.NetV3L50 TDSConv2D 96 × 128 48 × 64 25.17 55.2M 4.550 4.575 4.600
15 Mob.NetV3L TDSConv2D 96 × 128 48 × 64 14.10 133.5M 4.558 4.576 4.595
16 Mob.NetV3S50 TDSConv2D 96 × 128 48 × 64 35.88 27.4M 4.561 4.579 4.598
17 Mob.NetV2 TDSConv2D 96 × 128 48 × 64 11.59 180.9M 4.566 4.584 4.601
18 Mob.NetV3L75 TDSConv2D 96 × 128 48 × 64 17.38 100.3M 4.565 4.589 4.613
19 Mob.NetV3LMin TDSConv2D 192 × 256 96 × 128 4.60 476.0M 4.572 4.589 4.607
20 Mob.NetV3SMin TDSConv2D 96 × 128 48 × 64 33.45 39.7M 4.580 4.606 4.632
21 Mob.NetV3LMin TDSConv2D 192 × 256 48 × 64 5.50 454.6M 4.581 4.608 4.634
22 Mob.NetV3LMin TDSConv2D 96 × 128 48 × 64 17.33 119.0M 4.582 4.611 4.639
23 Mob.NetV1 TDSConv2D 96 × 128 48 × 64 9.22 309.1M 4.602 4.629 4.656
24 Mob.NetV3SHD TDSConv2D 96 × 128 48 × 64 27.38 67.8M 4.622 4.649 4.677
25 Mob.NetV3LMin TConv2D 96 × 128 48 × 64 11.27 240.9M 4.629 4.655 4.680
26 Mob.NetV3LMin UpConv2D 96 × 128 48 × 64 10.42 297.6M 4.638 4.659 4.681
27 Mob.NetV3S75 TConv2D 96 × 128 48 × 64 16.95 136.4M 4.642 4.668 4.694
28 Mob.NetV3S75 TDSConv2D 192 × 256 96 × 128 4.69 542.9M 4.650 4.678 4.706
29 Mob.NetV3S75 UpConv2D 96 × 128 48 × 64 15.87 185.5M 4.651 4.678 4.706
30 Mob.NetV3S75 TDSConv2D 192 × 256 48 × 64 6.79 410.7M 4.660 4.692 4.725
31 Mob.NetV3L200 TDSConv2D 96 × 128 48 × 64 5.47 440.0M 4.662 4.701 4.739
32 Mob.NetV3S200 TDSConv2D 96 × 128 48 × 64 5.74 485.1M 4.704 4.732 4.760
33 Mob.NetV3LMin NNConv5 96 × 128 48 × 64 5.20 649.9M 4.746 4.771 4.797
34 Mob.NetV3S75 NNConv5 96 × 128 48 × 64 6.85 479.3M 4.750 4.780 4.810

To clearly understand which means are statistically acceptable as different, we con-
ducted a Student’s t-test between each possible model. The result of the test is shown in
Figure 7, in particular, Figure 7a shows the significance of the t-test between each possible
combination of two models, while Figure 7b report also the Pai value for each model. What
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we can observe, also with the model data in Table 6, is that the power requirement for
the inference is different only between specific models. In particular, we can notice how
models which are based on the most energy-demanding architectures are both based on
the “NNConv5” decoder, which is the only one based on 5 × 5 convolutional blocks, while
the other has a 3 × 3 one.

We can conclude the energy assessment by giving some considerations about the
results listed in Table 7. The first result is that the energy required for the inference (Pai )
is not dependent on the inference time (that is FPS−1) or on the floating-point operations
(FLOPs), which the model requires. Actually, the Pearson correlation test reports a cor-
relation of 0.319 (sign. < 0.001, p-value = 0.05) between the models’ FLOPs and the Pai

and −0.208 (sign. < 0.001, p-value = 0.05) between the FPS and the Pai . This suggests a
weak correlation between the variables, in particular, a positive one for the FLOPs since a
higher number of operations reduce the number of processed frame per second, therefore,
it increases the time of CPU dedicated to the inference instead of preparing the model for
the next frame. This also explains the negative correlation between Pai and the FPS and
the fact that the Pearson correlation between FPS and FLOPs is strong and negative (i.e.,
−0.812, sign. < 0.001, p-value = 0.05). The weak correlation between the power consumed
(Pai ) and the complexity of the model (FLOPs or FPS) is instead justified by the fact that
what changes among the models is the type of operations that are carried out. Indeed,
for example, models with i = 34 and i = 19 have a comparable complexity of about 470 M
FLOPs; however, the models Pai differ by 0.2 W. This is because the model with i = 19,
dealing with images of a bigger size, has to perform a higher number of memory access
(and therefore a higher probability of cache miss) in which the CPU waits for the data to be
retrieved and does not do any computation.
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Figure 7. Results of the Student’s t-test on the average power consumption during inference (Pai ) on
every model i. The figures show that models with a similar architecture have comparable power
consumption while others instead consume less or more power in a statistically significant way.
The maximum difference in power consumption is in the order of 0.3 W. (a) Significance level of the
Student’s t-test across all the models’ combinations. A blue square means that, given two models
i and j, the difference between Pai and Paj is statistically significant (p-value = 0.05). (b) The Pai

for every model listed in Table 6. The horizontal error bar has the same meaning as Figure 7a and
describes the range in which the value is not statistically significant with respect to the others.
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Table 7. The Pearson correlation between models FLOPs, FPS and Pai . (**) The correlation is significant
at the 0.01 level (2-tailed).

FLOPs Pai FPS

FLOPs
Correlation 1 0.319 ** −0.812 **
Sig. (2-tailed) <0.001 <0.001
N 3400 3400 3400

Pai

Correlation 0.319 ** 1 −0.208 **
Sig. (2-tailed) <0.001 <0.001
N 3400 3400 3400

FPS
Correlation −0.812 ** −0.208 ** 1
Sig. (2-tailed) <0.001 <0.001
N 3400 3400 3400

Finally, the results in Table 6 are sorted in terms of the mean Pai . In particular, we can
observe that the first model (model with i = 1) allows for saving about 6.48% of energy
during the inference with respect to the last one (model with i = 34). Instead, regarding
the proposed models in Section 3, they are mapped to model with i = 9 (Mob.NetV3S75),
which represents the best trade-off between fps and RMSE, and the model with i = 22
(Mob.NetV3LMin), which targets the 8-bit architecture. Since the energy assessment only
targets the 32-bit architecture, we can observe that model i = 9 also offers a relatively low
energy consumption, which is 4.7% lower than the model with i = 34.

7. Conclusions

In this work we proposed two variants of the MobileNetV3 encoder and a specifically
designed decoder to tackle the MDE task in order to achieve real-time frequency perfor-
mances on the embedded ARM CPUs and Edge TPUs. The method estimation capabilities
are tested on the terrestrial NYU Depth V2 and underwater SQUID datasets. The obtained
results demonstrate that the MobileNetV3S75 and the MobileNetV3LMin models can be
effectively considered solid candidates for the MDE task on the benchmark hardware, guar-
anteeing real-time frequency performances at the cost of a small increase in the estimation
error on the terrestrial dataset. On the other side, the results in the underwater scenario
show that in this peculiar environment, further studies and data are required in order to
get reasonable monocular depth estimations. Despite the high error, our models are still
producing better or on-par results with respect to the compared works with a sensible
increase in inference speed.

Regarding the energy assessment, by performing 100 tests on the Google Coral De-
vboard IoT device, we proved (p-value = 0.05) that all the presented models have different
power consumptions during the inference phase, with values ranging from 4.489 W (the
least energy-demanding model) to 4.780 W (the most energy-demanding model), with a
difference of 6.48% Moreover, by relying on the Pearson correlation, we showed that the
energy required for inference does not strictly depend on the FPS or on the FLOPs (floating-
point operations), which are characteristic of the specific model. This is because the energy
consumption depends on the type of operations that are carried out during the inference.

Those findings will be a valuable baseline for future studies and advancements in the
MDE field across embedded and mobile hardware. Further research will also be focused
on embedded GPUs and the architectural and data changes required to get a robust and
reliable depth estimation in underwater settings.

Author Contributions: Conceptualization, L.P., G.P.M., P.R., I.A. and R.B.; methodology, L.P., P.R. and
I.A.; software, L.P. and G.P.M.; validation, L.P. and G.P.M.; formal analysis, L.P. and G.P.M.; investiga-
tion, L.P. and G.P.M.; resources, P.R., I.A. and R.B.; data curation, L.P. and G.P.M.; writing—original
draft preparation, L.P. and G.P.M.; writing—review and editing, P.R., I.A. and R.B.; visualization,
L.P. and G.P.M.; supervision, P.R., I.A. and R.B.; project administration, P.R., I.A. and R.B.; fund-
ing acquisition, P.R., I.A. and R.B. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.



Sensors 2023, 23, 2223 16 of 17

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The code and the pre-trained weights are available at https://github.
com/lorenzopapa5/code-2023-sensors (accessed on 30 January 2023).

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Papa, L.; Russo, P.; Amerini, I. Real-time monocular depth estimation on embedded devices: Challenges and performances in

terrestrial and underwater scenarios. In Proceedings of the 2022 IEEE International Workshop on Metrology for the Sea, Milazzo,
Italy, 3–5 October 2022; Learning to Measure Sea Health Parameters (MetroSea); pp. 50–55. [CrossRef]

2. Li, Z.; Chen, Z.; Liu, X.; Jiang, J. DepthFormer: Exploiting Long-Range Correlation and Local Information for Accurate Monocular
Depth Estimation. arXiv 2022, arXiv:2203.14211.

3. Ranftl, R.; Bochkovskiy, A.; Koltun, V. Vision Transformers for Dense Prediction. arXiv 2021, arXiv:2103.13413.
4. Bhat, S.F.; Alhashim, I.; Wonka, P. AdaBins: Depth Estimation using Adaptive Bins. arXiv 2020, arXiv:2011.14141.
5. Alhashim, I.; Wonka, P. High Quality Monocular Depth Estimation via Transfer Learning. arXiv 2019, arXiv:1812.11941.
6. Kist, A.M. Deep Learning on Edge TPUs. arXiv 2021, arXiv:2108.13732
7. Yazdanbakhsh, A.; Seshadri, K.; Akin, B.; Laudon, J.; Narayanaswami, R. An Evaluation of Edge TPU Accelerators for

Convolutional Neural Networks. arXiv 2021, arXiv:2102.10423.
8. Peluso, V.; Cipolletta, A.; Calimera, A.; Poggi, M.; Tosi, F.; Mattoccia, S. Enabling Energy-Efficient Unsupervised Monocular

Depth Estimation on ARMv7-Based Platforms. In Proceedings of the 2019 Design, Automation & Test in Europe Conference &
Exhibition (DATE), Florence, Italy, 25–29 March 2019. [CrossRef]

9. Poggi, M.; Aleotti, F.; Tosi, F.; Mattoccia, S. Towards real-time unsupervised monocular depth estimation on CPU. arXiv 2018,
arXiv:1806.11430.

10. Peluso, V.; Cipolletta, A.; Calimera, A.; Poggi, M.; Tosi, F.; Aleotti, F.; Mattoccia, S. Monocular Depth Perception on Microcontrollers
for Edge Applications. IEEE Trans. Circuits Syst. Video Technol. 2021, 32, 1524–1536. [CrossRef]

11. Papa, L.; Alati, E.; Russo, P.; Amerini, I. SPEED: Separable Pyramidal Pooling EncodEr-Decoder for Real-Time Monocular Depth
Estimation on Low-Resource Settings. IEEE Access 2022, 10, 44881–44890. [CrossRef]

12. Wofk, D.; Ma, F.; Yang, T.J.; Karaman, S.; Sze, V. FastDepth: Fast Monocular Depth Estimation on Embedded Systems. arXiv 2019,
arXiv:1903.03273.

13. Spek, A.; Dharmasiri, T.; Drummond, T. CReaM: Condensed Real-time Models for Depth Prediction using Convolutional Neural
Networks. arXiv 2018, arXiv:1807.08931.

14. Silberman, N.; Hoiem, D.; Kohli, P.; Fergus, R. Indoor Segmentation and Support Inference from RGBD Images. ECCV 2012, 7576,
746–760.

15. Geiger, A.; Lenz, P.; Urtasun, R. Are we ready for Autonomous Driving? The KITTI Vision Benchmark Suite. In Proceedings of
the Conference on Computer Vision and Pattern Recognition (CVPR), Providence, RI, USA, 16–21 June 2012.

16. Ye, X.; Li, Z.; Sun, B.; Wang, Z.; Xu, R.; Li, H.; Fan, X. Deep Joint Depth Estimation and Color Correction From Monocular
Underwater Images Based on Unsupervised Adaptation Networks. IEEE Trans. Circuits Syst. Video Technol. 2020, 30, 3995–4008.
[CrossRef]

17. Gupta, H.; Mitra, K. Unsupervised Single Image Underwater Depth Estimation. In Proceedings of the 2019 IEEE International
Conference on Image Processing (ICIP), Taipei, Taiwan, 22–25 September 2019; pp. 624–628. . [CrossRef]

18. Peng, Y.T.; Zhao, X.; Cosman, P.C. Single underwater image enhancement using depth estimation based on blurriness. In
Proceedings of the 2015 IEEE International Conference on Image Processing (ICIP), Quebec City, QC, Canada, 27–30 September
2015; pp. 4952–4956. [CrossRef]

19. Drews, P.L.; Nascimento, E.R.; Botelho, S.S.; Montenegro Campos, M.F. Underwater Depth Estimation and Image Restoration
Based on Single Images. IEEE Comput. Graph. Appl. 2016, 36, 24–35. [CrossRef]

20. Daghero, F.; Pagliari, D.J.; Poncino, M. Chapter Eight - Energy-efficient deep learning inference on edge devices. In Hardware
Accelerator Systems for Artificial Intelligence and Machine Learning; Kim, S., Deka, G.C., Eds.; Elsevier: Amsterdam, The Netherlands,
2021; Volume 122, pp. 247–301. [CrossRef]

21. Wang, Y.; Li, B.; Luo, R.; Chen, Y.; Xu, N.; Yang, H. Energy efficient neural networks for big data analytics. In Proceedings of the
2014 Design, Automation & Test in Europe Conference & Exhibition (DATE), Dresden, Germany, 24–28 March 2014; pp. 1–2.
[CrossRef]

22. Lee, E.H.; Miyashita, D.; Chai, E.; Murmann, B.; Wong, S.S. LogNet: Energy-efficient neural networks using logarithmic
computation. In Proceedings of the 2017 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP),
New Orleans, LA, USA, 5–9 March 2017; pp. 5900–5904. [CrossRef]

23. Wang, X.; Magno, M.; Cavigelli, L.; Benini, L. FANN-on-MCU: An Open-Source Toolkit for Energy-Efficient Neural Network
Inference at the Edge of the Internet of Things. IEEE Internet Things J. 2020, 7, 4403–4417. [CrossRef]

https://github.com/lorenzopapa5/code-2023-sensors
https://github.com/lorenzopapa5/code-2023-sensors
http://doi.org/10.1109/MetroSea55331.2022.9950812
http://dx.doi.org/10.23919/DATE.2019.8714893
http://dx.doi.org/10.1109/TCSVT.2021.3077395
http://dx.doi.org/10.1109/ACCESS.2022.3170425
http://dx.doi.org/10.1109/TCSVT.2019.2958950
http://dx.doi.org/10.1109/ICIP.2019.8804200
http://dx.doi.org/10.1109/ICIP.2015.7351749
http://dx.doi.org/10.1109/MCG.2016.26
http://dx.doi.org/10.1016/bs.adcom.2020.07.002
http://dx.doi.org/10.7873/DATE.2014.358
http://dx.doi.org/10.1109/ICASSP.2017.7953288
http://dx.doi.org/10.1109/JIOT.2020.2976702


Sensors 2023, 23, 2223 17 of 17

24. Jiao, X.; Akhlaghi, V.; Jiang, Y.; Gupta, R.K. Energy-efficient neural networks using approximate computation reuse. In
Proceedings of the 2018 Design, Automation & Test in Europe Conference & Exhibition (DATE), Dresden, Germany, 19–23 March
2018; pp. 1223–1228. [CrossRef]

25. Tasoulas, Z.G.; Zervakis, G.; Anagnostopoulos, I.; Amrouch, H.; Henkel, J. Weight-Oriented Approximation for Energy-Efficient
Neural Network Inference Accelerators. IEEE Trans. Circuits Syst. I Regul. Pap. 2020, 67, 4670–4683. [CrossRef]

26. Berman, D.; Levy, D.; Avidan, S.; Treibitz, T. Underwater Single Image Color Restoration Using Haze-Lines and a New
Quantitative Dataset. IEEE Trans. Pattern Anal. Mach. Intell. 2021, 43, 2822–2837. [CrossRef] [PubMed]

27. Deng, J.; Dong, W.; Socher, R.; Li, L.J.; Li, K.; Fei-Fei, L. ImageNet: A large-scale hierarchical image database. In Proceedings of the
2009 IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA, 20–25 June 2009; pp. 248–255. [CrossRef]

28. Howard, A.; Sandler, M.; Chu, G.; Chen, L.C.; Chen, B.; Tan, M.; Wang, W.; Zhu, Y.; Pang, R.; Vasudevan, V.; et al. Searching for
MobileNetV3. arXiv 2019, arXiv:1905.02244.

29. Hu, J.; Shen, L.; Albanie, S.; Sun, G.; Wu, E. Squeeze-and-Excitation Networks. arXiv 2019, arXiv:1709.01507.
30. Howard, A.G.; Zhu, M.; Chen, B.; Kalenichenko, D.; Wang, W.; Weyand, T.; Andreetto, M.; Adam, H. MobileNets: Efficient

Convolutional Neural Networks for Mobile Vision Applications. arXiv 2017, arXiv:1704.04861.
31. Sandler, M.; Howard, A.; Zhu, M.; Zhmoginov, A.; Chen, L.C. MobileNetV2: Inverted Residuals and Linear Bottlenecks. In

Proceedings of the 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June
2018; pp. 4510–4520. [CrossRef]

32. Tan, M.; Le, Q.V. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. arXiv 2020, arXiv:1905.11946.
33. Zoph, B.; Vasudevan, V.; Shlens, J.; Le, Q. Learning Transferable Architectures for Scalable Image Recognition. In Proceedings

of the 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018;
pp. 8697–8710. [CrossRef]

34. Kingma, D.P.; Ba, J. Adam: A Method for Stochastic Optimization. arXiv 2014, arXiv:1412.6980.
35. Eigen, D.; Puhrsch, C.; Fergus, R. Depth map prediction from a single image using a multi-scale deep network. Adv. Neural Inf.

Process. Syst. 2014, 27, 2366–2374.
36. Peng, Y.T.; Cosman, P.C. Underwater Image Restoration Based on Image Blurriness and Light Absorption. IEEE Trans. Image

Process. 2017, 26, 1579–1594. [CrossRef] [PubMed]
37. Ghose, S.; Yaglikçi, A.G.; Gupta, R.; Lee, D.; Kudrolli, K.; Liu, W.X.; Hassan, H.; Chang, K.K.; Chatterjee, N.; Agrawal, A.; et al.

What your DRAM power models are not telling you: Lessons from a detailed experimental study. Proc. ACM Meas. Anal. Comput.
Syst. 2018, 2, 1–41. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.23919/DATE.2018.8342202
http://dx.doi.org/10.1109/TCSI.2020.3019460
http://dx.doi.org/10.1109/TPAMI.2020.2977624
http://www.ncbi.nlm.nih.gov/pubmed/32142424
http://dx.doi.org/10.1109/CVPR.2009.5206848
http://dx.doi.org/10.1109/CVPR.2018.00474
http://dx.doi.org/10.1109/CVPR.2018.00907
http://dx.doi.org/10.1109/TIP.2017.2663846
http://www.ncbi.nlm.nih.gov/pubmed/28182556
http://dx.doi.org/10.1145/3224419

	Introduction
	Related Works
	Lightweight Terrestrial Monocular Depth Estimation
	Underwater Depth Estimation
	Energy-Oriented Models

	Proposed Method
	Implementation Details
	Results
	Encoders
	Decoder
	Input–Output Resolution
	Feasibility Study in Underwater Settings

	Energy Assessment
	Current and Voltage Footprint
	Models Inference Energy Consumption

	Conclusions
	References

