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Abstract: This paper introduces a novel low-cost solar-powered wearable assistive technology (AT)
device, whose aim is to provide continuous, real-time object recognition to ease the finding of the
objects for visually impaired (VI) people in daily life. The system consists of three major components:
a miniature low-cost camera, a system on module (SoM) computing unit, and an ultrasonic sensor.
The first is worn on the user’s eyeglasses and acquires real-time video of the nearby space. The second
is worn as a belt and runs deep learning-based methods and spatial algorithms which process the
video coming from the camera performing objects’ detection and recognition. The third assists on
positioning the objects found in the surrounding space. The developed device provides audible
descriptive sentences as feedback to the user involving the objects recognized and their position
referenced to the user gaze. After a proper power consumption analysis, a wearable solar harvesting
system, integrated with the developed AT device, has been designed and tested to extend the
energy autonomy in the different operating modes and scenarios. Experimental results obtained
with the developed low-cost AT device have demonstrated an accurate and reliable real-time object
identification with an 86% correct recognition rate and 215 ms average time interval (in case of
high-speed SoM operating mode) for the image processing. The proposed system is capable of
recognizing the 91 objects offered by the Microsoft Common Objects in Context (COCO) dataset
plus several custom objects and human faces. In addition, a simple and scalable methodology for
using image datasets and training of Convolutional Neural Networks (CNNs) is introduced to add
objects to the system and increase its repertory. It is also demonstrated that comprehensive trainings
involving 100 images per targeted object achieve 89% recognition rates, while fast trainings with only
12 images achieve acceptable recognition rates of 55%.

Keywords: assistive technology; convolutional neural networks (CNN); deep learning; faster R-CNN;
mobile computing; object recognition; person recognition; wearable system

1. Introduction

Globally, the World Health Organization (WHO) estimates that there are about 235 million people
with severe visual impairment or complete blindness, for which the vision pathology cannot be
corrected with the use of standard glasses or surgery [1]; the same considerations and almost similar
numerical values have also been reported in [2].
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Visual impairment interferes with the person’s ability to perform everyday activities, such as
environment understanding, urban mobility, reading, computer access, and object finding,
among others [3,4]. Trying to adapt, to a greater or lesser extent, to the world is a constant
challenge. Many works have addressed the environment understanding [5,6] and the urban navigation
problem [7,8], by developing assistive devices based on smart sensors or artificial vision [9]; some others
have proposed solutions for reading [10,11] and computer access [12,13] by exploiting the same devices
and technologies. However, few works have focused on assisting visually impaired (VI) people
in finding daily used objects. Object detection and recognition in a scene could ease VI people’s
lives: finding and reaching items in the surrounding space increases the quality of life and safety.
Not knowing what is around could lead to frustration, anxiety, and involve hazardous situations that
might lead to trips, falls, burns, and injuries. Automatic object detection and identification for VI
people requires a flexible, adaptable, and computationally efficient approach that continuously learns
and increases its knowledge upon use.

Recent progresses in Neural Networks and Deep Learning have contributed to advances in the
field of computer vision. Deep Neural Networks (DNN), especially Convolutional Neural Networks
(CNNs) have proven to be very effective in areas such as image recognition and classification [14,15].
In particular, the VGG16 (16-layer CNN) and VGG19 (19-layer CNN) architectures have been widely
used for these tasks, since they require a moderate amount of training time; nevertheless, they are not
efficient for real-time applications with high image processing speeds.

To address the computational burden that limits the CNNs classification speed, the R-CNN
(Region-based CNN) was the first approach to be proposed; it selects several regions from the image
and then uses CNN to extract features from each region [16]. However, selecting several regions
requires the CNN to perform a significant number of computations; consequently, the computing load
makes R-CNNs inefficient for real-time applications.

Fast R-CNN improves on the R-CNN by computing the image as a whole. Instead of feeding the
set of regions to the CNN, Fast R-CNN takes the input image directly into the CNN to generate a single
convolutional feature map. From this map, the proposed regions are identified using selective search
algorithms. Fast R-CNN drastically reduces the training and detection times compared to R-CNN [17].
Still, its main inconvenience is that it requires the generation of many proposed regions to obtain
precise object recognition. Hence, the bottleneck of this architecture is the selective search algorithm.
Their successor, Faster R-CNN, replaces the selective search with a region proposal network [18].
This method allows to reduce the number of proposed regions while ensuring computational efficiency
and precise object detection. Figure 1 compares the computing time of the above R-CNN based
architectures for performing the objects’ recognition in an image. Note that Faster R-CNN surpasses its
predecessors; in fact, while R-CNN and Fast R-CNN take 50 and 2.3 s (the latter value corresponding
to 4.6% of the time spent by R-CNNs), respectively, Faster R-CNN executes the same task in just 0.2 s
(namely, only 200 ms), representing only the 0.4% of the time consumed by R-CNNs [17].
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This work presents a functional approach for the design and implementation of simple low-cost
and efficient deep learning-based system, powered by a photovoltaic harvesting solution, for object
finding for VI people by employing Faster R-CNNs. In addition to object recognition, the realized
solar-powered system assists the user in positioning the objects in the surrounding space by integrating
an ultrasonic sensor and a script in the main code. In CNNs, the more images used for training,
the better result; however, in our proposal, quick trainings providing good results with an acceptable
recognition rate (i.e., a value as high as 55%) are possible with only 12 images.

The novelty of this proposal lies in presenting a complete solution integrating deep learning
structures in wearable hardware that is low-cost, reliable, highly performant, and truly affordable for
the end-users. Moreover, the platform exhibits great flexibility by allowing the addition of new objects
to its internal database in a simple manner. The device’s recognition capabilities can be progressively
increased and respond to the user’s changing needs. Furthermore, the power consumption of the
system has been discussed and optimized according to the working environment; then, a user-wearable
solar harvesting system, based on flexible solar panels, has been designed and tested obtaining a NiMH
battery life-time up to 6.1 h (outdoor operation). To our knowledge, such a system devoted to target
the needs of the VI community has not been reported before in literature.

The rest of the paper is organized as follows: Section 2 provides a detailed literature review on
systems providing object detection and recognition, in particular, those devoted to assist VI people.
Section 3 overviews the system components and details the major concepts involved. Section 4 presents
the experimental results obtained with the proposed system, whereas in Section 5 an in-depth discussion
of the obtained experimental results is provided together with a comparison with those related to
other scientific works. Finally, Section 6 concludes the paper summarizing the main contributions and
giving the future work perspectives.

2. Related Works

Afterward, an overview of innovative assistive technology (AT) based devices for helping VI
or blind users is reported, providing, at first, a classification of the different technologies employed
in these applications. Furthermore, several innovative visual recognition methods are analyzed,
classifying them based on their application.

2.1. State of the Art on Innovative Assistive Technology Devices for Aiding VI People

Recently, different wearable devices were reported in the scientific literature for aiding VI people,
thus improving their life quality and reducing the likelihood of accidents.

Different technologies are available for object recognition, obstacle detection, or navigation
support, etc.; in particular, the classification of main technologies employed for this typology of the
device, based on their applications, is reported in the following Table 1.

Table 1. Summarizing table with the main reported technologies used in AT devices and relative
applications.

Technology Application

Visual recognition system Object recognition, Face Recognition, Navigation,
Positioning, Access control, Text recognition

Radio-frequency identification (RFID) technology Object recognition, Positioning, Access Control

Global Positioning System (GPS) Navigation system Navigation, Positioning

Ultrasound detection system Navigation, Access control, Obstacle detection

Laser Imaging Detection and Ranging
(LIDAR)/Optical Time-of-Flight distance sensors Navigation, Obstacles detection
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Table 1. Cont.

Technology Application

Vibrotactile Interfaces User interface

Audio Interfaces User interface

Below, an overview of scientific works involving the technologies reported in the previous table is
proposed; in several cases, the combination of multiple technologies has been integrated into these
systems, to increase their functionalities or improve the reliability.

Meshram et al., in [19], proposed an innovative AT device, called the Nav-Cane, to aid VI people
in orientation and navigation in indoor and outdoor environments, identifying objects or obstacles
present along the user’s path. The developed device is equipped with a radio-frequency identification
(RFID) reader, ultrasonic sensors, placed at different heights, a GPS receiver, an inertial sensor, and a
water sensor, all integrated inside a cane-like structure. The RFID reader is used to recognizing objects
previously tagged, as well as the ultrasonic sensors provide direct feedback to the user, through
tactile warnings produced by a vibration motor, related to the presence of obstacles at different levels
(i.e., foot, knee, waist, chest); besides, a wet floor sensor warns the user about the presence of a wet
floor, and an alarm button is added for alerting, through an email or Short Message Service (SMS),
rescue teams indicating the user’s GPS coordinates. The experimental results, carried out on 80 VI
subjects in a controlled environment, demonstrated the effectiveness of the Nav-Cane in obstacle
detection, descending or ascending stairs, as well as to aid the user to identify objects.

Similarly, in [20], the authors proposed the Assistor, a smart walking cane for helping blind or
VI people to recognize obstacles, and thus navigating till the destination. This device employs three
ultrasonic sensors, two at the top and two at the bottom to cover a wider coverage angle, and a
miniaturized camera (model Pixy CMUCam5, manufactured by Charmed Labs, Austin, TX, USA),
integrating a powerful processor supporting several communication protocols to transmit acquired
images to a host microcontroller. The data from sensors are sent via Bluetooth communication to
a smartphone, where they are processed to drive the servo-motor used to move the walking cane.
The smartphone GPS receiver and Google map application guide the user toward the destination,
whereas the sensing section identifies obstacles employing the Speeded Up Robust Features (SURF)
algorithm, supported by an image-object database.

In [21], the authors presented an obstacle detection system based on multiple sonar devices,
constituted by several ultrasound sensors, and distributed to sense a large area in the field of view (FOV)
of the user; an actuator is associated to each sensor, represented by a vibrating motor (model SAM-A300,
manufactured by Samsung, Seoul, South Korea), and installed to provide vibro-tactile feedback to
the user concerning the obstacle position. The device is managed by a PIC18F6720 microcontroller,
which collects the data from the ultrasound sensors and processes them in order to drive the actuators,
according to a previous calibration carried out on the user conditions. Five different users tested the
developed device; the experimental results indicate a reduction of 50% of the time required by the user
to pass through a series of obstacles.

Chen et al. proposed a smart wearable system for image recognition, adopting cloud and local
cooperative processing [22]. Specifically, the cloud server carries out image processing tasks, whereas the
local processing unit only uploads the images on the cloud server and receives the processing results;
therefore, low-cost and resources-limited processors can be employed for developing the wearable
device, reducing its overall cost. The proposed wearable device includes a micro-camera, an ultrasonic
sensor, and an infrared sensor installed on the frame of the glasses; a Raspberry Pi board is used as a
local processor, providing to the device wireless connectivity (WiFi or 4G), for sharing the images with
the cloud server, exploiting its parallel computing power and storage capacity. A proper algorithm
combines the captured images with the data provided by the ultrasonic and infrared sensors to extract
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the “point of interest” useful for recognition. The experimental results demonstrated the effectiveness
of the proposed device in detecting faces, text, and objects in real scenarios.

In [23], the authors proposed a wearable Obstacle Stereo Feedback (OSF) system to assist
the navigation of VI users; the system implements a downsampling Random Sample Consensus
(RANSAC) algorithm to elaborate the acquired point cloud for detecting obstacles placed along the
user’s path. Furthermore, the Head-Related Transfer Function (HRTF) is employed to provide an
acoustic representation of obstacles as a function of their 3D coordinates.

Neto et al. in [24] presented a face recognition system for VI users’ assistance; the developed
system employs a Kinect-Based sensor bar installed on a helmet and a KNN algorithm, based on
histogram-oriented descriptors compressed by the principal component method. The experimental
results demonstrate that the proposed detection algorithm requires lower computational resources
compared to other techniques reported in the literature, still keeping an excellent accuracy under
different operative conditions, such as background, illumination, and point of view.

Katzschmann et al., in [25], presented the Array of Lidarsand Vibrotactile Unit (ALVU), a wearable
device, thought for blind and VI users, for detecting obstacles and their physical boundaries. The device
includes a sensor belt and a haptic strap; the first one is equipped with time-of-flight distance sensors,
for measuring the distance between the user and the obstacles, whereas the haptic strap provides
feedback to the user, by a series of vibratory motors placed on the user’s abdomen. Other relevant
applications involving real-time object recognition can be found in the literature: Chen et al. introduced
in [26] the Glimpse system: a real-time object recognition system for smartphones running on external
server machines. Experiments on road signs show a recognition accuracy from 75% up to 80%. Viola and
Jones proposed in [27] a face detection framework capable of processing images extremely rapidly
while achieving high detection rates (95%). Jauregi and coworkers addressed door identification for
robot navigation in indoor spaces [28]; by employing a three-stage algorithm, they achieved 98%
recognition rates.

Few systems have targeted VI people needs; Niu et al. described, in [29], a wearable system that
detects doorknobs and human hands to help the blind people locate and use doors. Panchal et al.
presented, in [30], a new approach for recognizing text from scene images and to convert it into speech
so that it can assist VI people. Jabnoun and colleagues reported in [31] an object recognition system
based on SIFT (Scale Invariant Features Transform) and SURF algorithms to assist VI people during
navigation. Ciobanu et al. introduced, in [32], a method for detecting indoor staircases by employing
IMU (inertial measurement unit) sensors and processing depth images in order to aid VI people in
unfamiliar environments.

In this context, this paper takes a step forward to the field of object recognition for assisting the VI
targeting daily used objects such as doorknobs, power outlets, white canes, light switches, among many
others as well as person recognition. The designed and tested solar-powered system captures real-time
video, locates the objects of interest, recognizes them, tracks them frame by frame, and finally provides
audible descriptive feedback to the user.

2.2. Overview of Applications and Innovative Methods for Visual Recognition

Object recognition has become an important topic in computer vision. It has been already explored
in video surveillance [33], robot navigation [34], medical imaging [35], smart homes [36], and even
tourism [37]. In this paragraph, innovative methods for object recognition have been reported and
detailed, also providing a comparative analysis between the reported algorithms.

In [33], the authors proposed an innovative method to determine the performances of object
recognition algorithms in the videos, highlighting specific features of the particular method, such as
region splitting or merging; the method relies on the comparison between the output of the recognition
algorithm and correct split segment extracted with 1 frame/s sampling rate. Similarly, Lu et al., in [38],
introduced a real-time object detection framework for video, employing the You Only Look Once
(YOLO) network, with an improved convolution method for speeding up the elaboration, and thus
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object detection. Through a preprocessing, the effects of the background are removed, as well as
the processing noise. The experimental results indicate that the proposed method obtains better
performances compared to the initial YOLO algorithm, reaching higher detection speed and accuracy.
Furthermore, object recognition algorithms can find application for navigation systems in Autonomous
Vehicle (AV) and robotic fields; Hernández et al. proposed an object recognition system, based Support
Vector Machine (SVM) classification method applied on RGB images [34]; two segmentation approaches
have been tested based on geometric shape descriptors and bag of word method, respectively.

These algorithms can be used also for medical imaging applications, aiding VI users to carry out
tasks otherwise would not be able to perform; for instance, in [35], the authors proposed a mobile
application to allow blind users to read a text. The Camera Reading for Blind People project employs
Optical Character Recognition (OCR) and Text to Speech Synthesis (TTS) techniques, integrated on a
smartphone, for acquiring pictures from a text, and vocally synthesizing the recognized text.

Furthermore, the automated systems for smart homes can widely exploit object recognition
systems; Baeg et al. developed a smart home environment for service robots, equipped with a camera,
RFID reader, and a wireless communication module [36]. Upon the use of the RFID reader, the robot
obtains course information about its position and encountered objects, then, by a recognition system
based MPEG-7 visual descriptors, the robot can determine the exact position of the object for grasping
it. The visual recognition system can be also used to recognize places, monuments, statues, paintings,
etc., in order to provide information and data to the tourists; in [37], the authors proposed a mobile
vision system for automatic object recognition applied to the images acquired using a camera phone.
The system allows determining places of tourist interest, to provide detailed information related to the
architecture, history, or cultural context of historical or artistic relevance.

Trabelsi et al., in [39], developed a novel multi-modal algorithm for aiding VI users in the
recognition of objects into an indoor environment, employing RGB-D (Red Green Blue-Depth) images
with new complex-valued representation, in order to overcome the limitations of the traditional
techniques. Two methods have been proposed to categorize objects; a Multi-Label Complex-Valued
Neural Network (ML-CVNN) is developed, based on an adaptative clustering method applied to
multi-label problems solving. The latter, called L-CVNN, uses a CVNN for each considered label
to obtain a multi-label vector. The experimental results demonstrate the efficiency of the proposed
techniques based on RGB-D images compared to existing methods, such as RGB ML-Real-Valued
Neural Network (RVNN), Depth ML-RVNN, RGBD ML-RVNN, in the object classification. Similarly,
Malūkas et al. introduced a real-time navigation system for VI and blind people, employing a
segmentation framework based on a deep Convolutional Neural Network (CNN) algorithm to
recognize objects/features into an image [40]. Three different CNN algorithms have been tested
(i.e., AlexNet, GoogLeNet, and VGG-Visual Geometry Group Net), obtaining the best performances in
the segmentation with the VGG16 (16-layers) neural network, and reaching 96.1 ± 2.6% accuracy in the
recognition of paths, structures, and path boundaries.

Jayakanth proposed a real-time algorithm for object recognition in indoor environments, such as
door, stairs, and signs [41]; the algorithm is based on a transfer learning approach for implementing
a deep learning model trained using the AlexNet. Furthermore, different texture feature extracting
techniques (Local Binary Pattern—LBP, Binarized Statistical Image Features—BSIF, and Local Phase
Quantization—LPQ) have been tested in the proposed framework, followed by a machine learning
classifier (i.e., K-Nearest Neighbors—KNN, Naive Bayes—NB, and SVM) for the identification and
classification of objects. The test results demonstrate that the BSIF and LPQ texture extractors excellently
work in object recognition; specifically, the first one in conjunction with the KNN classifier obtain
98.4% accuracy, whereas the second one produces 98.9% and 98.4% when operates with SVM and
KNN classifiers, respectively.

Furthermore, Jabnoun et al., in [42], described a visual tool for VI people, based on an object
recognition algorithm allowing to determine the dissimilarity between video frames; specifically,
the algorithm employs the Real-Valued Local Dissimilarity Map (RVLDM) method, as a measure
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of frames’ dissimilarity, and the Scale-Invariant Features Transform (SIFTS) keypoints extraction,
for determining the objects depicted in different frames. By comparing the proposed method with
similar visual substitution approaches, optimal performances have been demonstrated, in terms of
computational speed in different operative conditions, such as different point-of-view, presence of
occlusion, frame rotation, and different illumination. Finally, in [43], the authors described a novel 3D
object reconstruction method, based on a modified hybrid artificial neural network, obtaining more
precise filling of partial object images and reducing the process noise compared to the YOLOv3
algorithm. Furthermore, the obtained reconstruction is more stable than the results obtained with
other reconstruction techniques.

In Table 2, the performances of novel implementations of common object recognition algorithms
are reported. As evident, YOLO frameworks reach higher processing speed, but impose strong spatial
constraints on bounding box predictions, thus limiting the algorithm ability to discern near objects [44].
Furthermore, region-based CNN algorithms, and specifically Faster R-CNN ones, represent an excellent
trade-off between operation speed, accuracy, and resource utilization [45].

Table 2. Summarizing table of the performances of common object recognition algorithms.

Algorithm Architecture Mean Average Precision
[%]

Mean Computing Time
[ms] Dataset

Hernández [34] SVM 78.34 n.a. NYU Depth Dataset V2 [46]
Lu [38] Fast YOLO 88.45 22 Custom

Trabelsi [39] ML-CVNN 87.2 n.a. RGBD [47]
Malūkas [40] FCN-VGG16 96.1 105 ImageNet [48]

Jayakanth [41] CNN + SVM 100 451 MCindoor20000 [49]
Redmon [50] YOLOv3 57.9 51 COCO

Ren [45] Faster R-CNN 73.2 198 COCO

3. System Overview

With the aim of assisting VI people, we have developed a wearable assistive technology (AT)
solar-powered device that recognizes daily used objects and persons and that lets the user know about
its presence and location in the surrounding space.

Figure 2 shows the conceptual representation of the AT device and its operation principle.
The system encompasses three major elements: a miniature camera, an embedded system on module
(SoM), and an ultrasonic sensor; the images acquired by the camera are processed in real-time by the
SoM to detect commonly used objects. When an object is detected, the SoM spells out the name of
the object through an integrated speaker letting the user know its presence and location in the nearby
space. An ultrasonic sensor placed at belt buckle level completes the description providing the distance
to the recognized object. The following subsections detail the designed system’s elements.
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3.1. Hardware Section

The employed miniature camera is a CMOS RGB sensor (model 6986154272705, manufactured by
Hamswan Company, Shenzhen, China) with an indicative price of 30–35 USD (Figure 3a). It provides
images with a resolution of 1280 × 960 pixels and a field of view (FOV) of 120 degrees (as reference,
the human FOV is 190 degrees [51]). Its dimensions (12.5 mm × 12.5 mm × 17 mm) and mass (12 g)
allow having it placed on the VI glasses frame, so that users can wear the small size and light
camera, fully integrated into the glasses, without even noticing it. The miniature camera is directly
interfaced with a local processing and communication module, which acquires the frames and wirelessly
transmits them to the main processing unit (below described), via peer-to-peer WiFi communication
(Figure 3a); in this way, no cables are required, allowing maximum freedom of movement for the user.
Its compactness, low cost (30–35 USD), and USB powered feature make it ideal for this application.

The SoM used is the Jetson Nano embedded device (manufactured by NVIDIA Co., Santa Clara,
USA) with an indicative price of 120–130 USD. Its 4 Gb LPDDR4 (Low-Power Double Data Rate) RAM,
128-core NVIDIA Maxwell architecture-based graphics processing unit (GPU), and Quad-core ARM
A57 Central Processing Unit CPU, running up to 1.4 GHz, allow the execution of algorithms based on
artificial intelligence (AI) in real-time [52,53]. The prototyping board includes several interfaces, such as
a DisplayPort, HDMI-High Definition Multimedia Interface, four USB-Universal Serial Bus 3.0 ports,
two CSI-Camera Serial Interface connectors, Gigabit Ethernet, an M.2 Wifi card slot, and a set of GPIO
placed on the side of the board, making it ideal for a variety of AI applications in Autonomous Vehicles
(AVs) and robotics (Figure 3b). Its dimensions (70 mm × 45 mm × 25 mm) and mass (240 g) make it
wearable; for example, the users can attach it to their belts, as shown in Figure 2. The Jetson Nano board
is featured by a 5 V DC power supply voltage, applicable to a common barrel plug or a micro-USB
connector. The power consumption of the SoM is in the range between 5–10 W, according to the
computational load of the module, which is ensured by a 4600 mAh NiMH battery pack continuously
recharged by a solar-based energy harvesting system. As following detailed, by specified experimental
tests, an energy autonomy from 1.6 h up to 3.2 h has been obtained depending on the SoM operating
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mode activated over time, which can be further enhanced, depending on the solar illumination level,
by recharging the battery thanks to the solar harvesting system.
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Figure 3. (a) The miniature camera used for the proposed wearable devices with highlighted the main
section, (b) top-view of the Jetson Nano electronic module with highlighted the main interfaces, (c) the
ultrasonic distance sensor with transmitter and receiver mounted on a single board.

The ultrasonic sensor used in the AT device is the HC-SR04 from Shenzhen Robotlinking
Technology Co. (Shenzhen, China) with an indicative price of 20 USD. To estimate the distance to an
object, it uses a transmitter to emit acoustic pulses to the environment and a receiver to capture their
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echoes (Figure 3c). This sensor offers a stable performance within the range 0.02 to 4 m and a high
precision of ±3 mm. The sensing ultrasonic beam is just 15 degrees. The system consumes just 75 mW
(5 V, 15 mA) and is powered by the SoM. Its dimensions (45 mm × 20 mm × 15 mm) and mass (20 g)
make it easily installable on the SoM’s belt at buckle level, thus sensing the space in front of the user.
Sensing range, precision, and dimensions make it a good option for this application.

The employed CMOS RGB camera connects via USB port to the Jetson Nano SoM,
which automatically recognizes it with no further software configuration (namely, plug and play
mode). The interested readers can find the Jetson’s nano supported cameras and hardware in [54,55].
Similarly, the ultrasonic sensor connects via cables to the Jetson Nano SoM transmitting the electric
signal encoding the sensed distance.

Finally, a standard computer speaker was integrated to the SoM using its input/output ports.
A speaker was preferred to headphones to avoid the obstruction of environmental hearing; in fact,
VI people strongly rely on environmental cues to navigate and orient themselves in space [3].

The Jetson Nano module integrates several solutions to optimize the power consumption of
the board, tailoring them on the specific application. In particular, it has two operating modes with
different power consumption, namely the mode 0 (also called MaxN mode, default mode) and mode 1
(also called 5 W mode); in the first one, the power consumption of 10 W is enabled to obtain the
maximum performance, whereas in the latter, the power consumption of the board is limited to only
5 W, by constraining the memory, CPU and Graphical Processing Unit (GPU) clock frequencies, and the
number of active cores [56]. Specifically, mode 1 has maximum CPU and GPU clock frequencies limited
to 918 MHz and 640 MHz, respectively, and only two active cores. The Jetson Nano power mode can
be changed by the nvpmode command, passing as parameter the identifier of the selected modality.
Enabling the mode 1, the object recognition time increased compared to the elaboration in MaxN
mode, obtaining 360 ms mean computing time, but leaving unaltered the mean average precision
(namely, 86%).

Therefore, the developed recognition system is equipped with a triaxial MEMS
(Micro-Electromechanical System) accelerometer (model MMA8451Q, manufactured by NXP,
Eindhoven, The Netherland) used to detect the user speed, and thus dynamically adapt the SoM power
consumption according to the user condition. Specifically, if the user is stationary or moving slowly,
a high recognition speed is not needed, the mode 1 is thus enabled; on the contrary, if the user walks
quickly, a rapid object detection is required, in this condition, the mode 0 is thus enabled. The power
management logic, implemented by the processing board, continuously detects the user speed and if
this last is higher than 2 m/s for a time interval greater than 5 s, then the mode 0 is set; else, the board
is configured in mode 1. In this way, a reduction in energy consumption of the developed system is
obtained, compared to the continuous operation of the device in MaxN mode, leaving, from a practical
point of view, unaltered the functionality. Therefore, the energy autonomy of the developed wearable
AT device is increased, within the range between extreme values in which the system constantly
consumes 5 W or 10 W. The MMA8451Q breakout board was placed inside the cover containing the
Jetson Nano board, fixed at the belt of the user (as shown in Figure 2), ideal position for detecting the
body movements, as reported in [57].

In order to verify possible commercial developments of the proposed novel AT device,
extensive research has been carried out for finding similar devices and for comparing the performances.
A commercial wearable device for the blind and VI, named Horus [58], has been recently presented on
the web market. It is based on the NVIDIA Jetson embedded AI computing platform and it is composed
of a wearable headset with cameras and a pocket unit that contains a processor and a long-lasting
battery. Horus is presented in [58] as a wearable device that observes, understands, and describes the
environment to the person using it, providing useful information; it is able to read texts, to recognize
faces, objects and the user can activate each functionality through a set of buttons located both on the
headset and the pocket unit.
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The architecture, the algorithms, and the software implementation of the proposed device in
this research work are optimized and simpler than the Horus prototype. A final cost comparison
shows definitely that the proposed solution could be more competitive also considering a commercial
development; in fact, the total cost of the proposed prototype has been evaluated in only 200 USD,
while the commercial proposed price for the Horus device is 2000 USD, ten times more expensive.

Design of Solar Energy Harvesting System to Extend the AT Device Life-Time

Furthermore, a wearable solar energy harvesting system has been developed for power supplying
the designed AT device, so allowing it to extend its energy autonomy. In particular, two 6 W flexible
mono-crystalline solar panels (model HX160-220P, manufactured by Huaxu Energy Co., Shenzen,
China), connected in parallel, have been placed on the back of a jacket by using metallic clip buttons,
for easier removal for garment washing. Specifically, they are polyethylene terephthalate (PET)
laminated solar cells, featured by 7.2 V open-circuit voltage, 1100 mA short-circuit current, 6 V
peak voltage, 1000 mA peak current, 19.5% conversion efficiency, and 160 mm × 220 mm × 2.8 mm
dimensions (Figure 4). The solar cells are interfaced with an S18V20F6 buck-boost voltage converter
(manufactured by Pololu Co., Las Vegas, NV, USA), featured by a wide input range (from 2.9 to
32 VDC), a fixed 6 VDC output voltage with 4% accuracy, 2 A maximum output current, and typical
efficiency between 80% and 90%. Furthermore, the board is equipped with reverse voltage protection
(up to 30 V), over-current protection, and over-temperature shutdown circuit. The charge extracted by
the solar panels is stored into a 4600 mAh, 6 VDC NiMH battery pack (manufactured by Vapextech
UK Ltd., Kent, UK), used to power supply the developed wearable AT device (as shown in Figure 4).
Since the NiMH battery pack when fully charged reaches 6 VDC, voltage value incompatible with the
power supply range of the Jetson Nano board, a buck converter, based on the MP2315 (manufactured
by Monolithic Power Company, Kirkland, WA, USA) synchronous controller, has been employed to
provide the 5 VDC stabilized voltage required by the SoM (Figure 4). The MP2315 Integrated Circuit
(IC) is featured by a wide input voltage range (from 4.5 V to 24 V), a 3 A maximum load current,
and high efficiency (97%).

The battery pack and the electronic section have been placed into pockets realized in the internal
part of the garment, whereas the connections have been realized by means of highly flexible cables
sewn on the fabric.
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The solar harvesting system, above described, has to be worn by the user some hours before
connecting the wearable AT device, in order to fully charge the 4600 mAh NiMH battery pack;
afterward, this last is used to power supply the realized object recognition device, thus ensuring an
energy autonomy, in the total absence of luminous sources, comprised between the two limit values
below reported, related to the cases in which the Jetson Nano board is continuously configured in
mode 0 (MaxN mode, 2A absorbed current) and mode 1 (5 W mode, 1 A absorbed current), respectively.

Energy Autonomy mode 0 =
Battery Capacity [mAh] × ( 1−Discharge _Margin)

Absorbed current [mA]
= 4600 mAh × 0.7

2000 mA = 1.6 h. (1)

Energy Autonomy mode 1 =
Battery Capacity [mAh] × ( 1−Discharge _Margin)

Absorbed current [mA]
= 4600 mAh × 0.7

1000 mA = 3.2 h. (2)

where the Discharge_Margin is the percentage limit to the discharge of the 4600 mAh NiMH battery pack
(typically 30%). However, the obtained values have to be considered as the minimum energy autonomy
since the energy contribution provided by the harvesting section during the operation of the wearable
AT device will allow to increase further the device’s autonomy. The solar contribution depends on the
environmental conditions (i.e., source typology, luminous intensity, inclination, and orientation of the
solar panels with respect to the light source). However, field tests demonstrate that placing the garment
perpendicularly to the sun, with 52.000 lux illuminance and leaving the device stationary, the energy
autonomy increases of about a factor 2 (i.e., up to 6.1 h), compared to the total absence of any luminous
source (namely, 3.2 h). Furthermore, in the same condition, the energy harvesting section employs
about 3.2 h to fully charge the 4600 mAh battery pack, before connecting the developed solar-powered
wearable device.

3.2. Software Section

The SoM-based software structure is shown in Figure 5; as highlighted, it consists of three major
modules: dataset configuration, object recognition, and object positioning.Energies 2020, 13, x FOR PEER REVIEW 13 of 31 
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The dataset configuration module encompasses the Microsoft Common Objects in COntext
(COCO) dataset [59], which contains 91 categories of common objects, with 82 categories having
more than labeled instances. In total, COCO contains 328,000 images with 2,500,000 labeled instances.
A main feature of COCO is that it offers non-canonical views of the objects (for example objects
in the background or partially occluded or amid clutter), which improve recognition performance.
The module can also manage custom images or images of interest added by the user.
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The dataset configuration module is used to train the object recognition module. Based on Faster
R-CNN, the former is the backbone of the system, being responsible for detecting and recognizing
common objects found in everyday scenes and situations from real-time video. This module outputs
the coordinates of the bounding boxes enclosing the object. The positioning module detects the
location of the object in the image via a simple Cartesian quadrant algorithm and together with the
information coming from the ultrasonic sensor let the user know the presence of the object, its location,
and user-distance via audible descriptive sentences.

The SoM runs a Linux operating system (OS); all code was implemented by employing the
Python software, running into the Jetson Nano SoM [52,53]. The Jetson Nano Developer Kit was
set up according to the official Nvidia installation guide [60]. In this case, the archive JetPack 4.3
and the framework Deepstream are recommended for Tensorflow 1.14.0 according to Nvidia official
documentation [61]. Python 3.6 was utilized, being the most recent release compatible with TensorFlow
1.14.0. The essential libraries used to support the training and execution on the Jetson nano SoM are
the following: Numpy, Pycocotools, PyCuda, OpenCV, Time, Serial, and MatPlotLib, PIL, all in their
latest release.

3.2.1. Object Recognition

As aforementioned, Faster R-CNN is the last development of the R-CNN family architectures.
It increases the computational efficiency reducing both the training and testing times and improves
object recognition performance. Its architecture is shown in Figure 6.

Faster R-CNN consists of three main modules: a convolutional layer, a region proposal network,
and a classification layer. The convolutional layer is the feature extraction stage. It involves of a set
of filters that activate when they detect visual features in the input images. such as edges, colors,
and specific orientations. This stage outputs feature maps. The region proposal network stage generates
locations of possible objects contained in the feature maps. Resulting region proposals are then applied
to the feature maps. Finally, the classification layer is used to determine which class the objects found
belong to.Energies 2020, 13, x FOR PEER REVIEW 14 of 31 
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In this work, the VGG16 architecture was used for the convolutional layer (Figure 7). VGG16 has
exhibited the best performance in image recognition tasks [18]. We have previously used it in facial
emotion recognition for predicting consumer acceptance of food products with satisfactory results [62].
VGG16 is a 16-layer CNN; it encompasses five filter blocks containing a total of 13 filter layers and
five pooling layers. Each of the 13 filter layers includes a rectified linear unit (ReLU) in order to allow
a faster and more effective neural network training. Three fully connected layers follow the stack of
filter layers to flatten the high-level features in the data. The softmax function is the final layer of the
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architecture. It maps the non-normalized data to a probability distribution, which can be used as input
of the following modules.

The Region Proposal Network module (Figure 8) takes the feature map as input to generate a set
of rectangular object proposals (named bounding boxes). To generate them, a mask slides along the
feature map. Resulting values are fed to two parallel submodules: a classifier and a regressor. The first
determines the probability pi of a proposal having the target object. The former provides the pixel
coordinates (x, y) of the proposal.

Finally, the classification layer is based on the Fast R-CNN architecture (Figure 9). Its input is
the feature map with the region proposals. To reduce the amount of data and thus the computation
to be performed, a RoI (Region of Interest) pooling layer is first used to down-sample the feature
maps. Each down-sampled feature value goes to a fully connected layer (the learning one) to detect
the non-linear combinations of these features. As in the previous stage, the resulting values are fed to a
classifier and a regressor. The output of this module is the object detection.
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3.2.2. Object Positioning

Once an object has been detected in the FOV of the camera, it is useful to let the user know about
its location and user-distance. The software architecture encompasses a simple and fast computing
object-positioning algorithm based on Cartesian quadrants. The concept is illustrated in Figure 10.
The image is divided into four quadrants; nine sections are defined within the Cartesian space. When an
object is detected, its coordinates can be safely positioned in one of these sections and an audible
descriptive sentence is associated (example: “power outlet left down”, “doorknob in front”, “white cane
down”, etc.). Users can then be aware of the presence and location of an object and decide whether to
approach towards it.
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There might be cases were objects span over two or more sections rendering ambiguous this
positioning approach. To solve these cases, the geometrical center of mass (CoM) of the bounding box
enclosing the object was taken as a reliable indicator for deciding on its positioning section.

To determine the user-object distance, the ultrasonic sensor transmits out an eight-cycle 5 V
ultrasonic pulse at 40 kHz and waits for the reflected echo. When an object is detected, the echo signal
sets high (5 V) and its width t (in µs) is proportional to the object’s distance as depicted in the following
Figure 11 and Equation (3).

distance [cm] =
t

58
(3)
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3.2.3. Implementation

Figure 12 shows the use-case diagram for the system summarizing its functionality. The first step
involves the camera obtaining a frame. In parallel, the SoM’s integrated accelerometer determines if
the user is moving. If so, it sets the Jetson nano SoM to normal power consumption mode (namely,
10 W); otherwise, it will remain in the default low power consumption mode (namely, 5 W). Once a
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frame has been captured, the Faster R-CNN analyses it looking for objects defined in the database.
In case one or more detections turn positive, rectangles will be drawn accordingly. Next, the Cartesian
quadrant algorithm positions the object(s) in the frame and triggers the ultrasonic sensor to provide
the distance value. Finally, the speaker conveys the audible information to the user.
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diagram, ten activities can be identified.
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Overall, once a video frame is obtained, it is analyzed by the Faster R-CNN architecture. If no
object is found, the system proceeds to analyze the next frame. If an object was found, its object category
is determined using the image dataset. A string consisting of the object’s name is then associated to



Energies 2020, 13, 6104 17 of 30

it. Next, a rectangle enclosing the object is drawn and the coordinates are analyzed by the Cartesian
quadrant algorithm. The resulting section is then related to a string (see Figure 10). The distance
measurement is then obtained from the ultrasonic sensor and it is associated to a string containing the
distance values in steps of 0.5 m (i.e., 0.5, 1, 1.5, . . . , 4 m). All three strings (object category, section,
and distance value) are concatenated into one, building in this way the descriptive sentence. Finally,
it is conveyed to the user via the integrated speaker.

4. Experimental Results

4.1. Training of the Designed Object Detection System

As mentioned in Section 3.2, the COCO dataset was used to train the Object detection module.
We used a frozen inference graph model, which is an already COCO-trained Faster R-CNN architecture.
This model serves as the basis of the dataset configuration module (see Figure 5). Model files can be
downloaded from [63] and contain COCO’s 91 object categories (as shown in Table 3). Custom objects
can also be added to the dataset configuration module. For this project, six extra categories were
considered: power outlet, doorknob, switch, white cane, and a group of eight human subjects
(which can be easily increased to a few tens depending on the specific application). A total of 600 images
(approximately 100 for each object category plus 200 images in total for the 8 human subjects) were
incorporated into the general database.

Training of these extra twelve objects was externally conducted using a desktop computer with
the following hardware specifications: 8 Gb RAM, AMD Ryzen 5 2500 U processor, and NVIDIA
GTX 1050 with 4 GB of VRAM Graphics board. Using this standard computing equipment, a total of
200,000 iterations were performed taking approximately 20 h. The Faster R-CNN training configuration
parameters are shown in Table 4, with a detailed description of their meaning. These values are
normally used for optimally training this kind of deep learning-based structures [17].

Both COCO and custom files are then uploaded to the SoM module. Files cannot be modified
once in the SoM, they are only for execution. This poses an advantage: even if the SoM’s battery runs
out, trained files remain ready to be used once power is reestablished.

Table 3 summarizes the object detection capabilities of the proposed AT device.

Table 3. Objects detected by the AT solar-powered device: 103 in total.

Frozen Inference Graph Model (COCO Dataset) Custom Objects

apple carrot giraffe person suitcase doorknob
backpack cat hair brush pizza surfboard power outlet
banana cell phone hair drier plate teddy bear switch

baseball bat chair handbag potted plant tennis racket white cane
baseball glove clock hat refrigerator tie human subject 1

bear couch horse remote toaster human subject 2
bed cow hot dog sandwich toilet human subject 3

bench cup keyboard scissors toothbrush human subject 4
bicycle desk kite sheep traffic light human subject 5

bird dining table knife shoe train human subject 6
blender dog laptop sink truck human subject 7

boat donut microwave skateboard TV human subject 8
book door mirror skis umbrella
bottle elephant motorcycle snowboard vase
bowl eye glasses mouse spoon window

broccoli fire hydrant orange sports ball wine glass
bus fork oven stop sign zebra
cake Frisbee parking meter street sign suitcase
car
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Table 4. Training configuration parameters used for the Faster R-CNN.

Training Parameter Value Description

Total trained classes 103 The total number of objects (91 of the COCO dataset plus 12 custom).

Dimensions (pixels) 1024 × 768 Resolution of the images used for the training phase.

Batch size (images) 12 The number of samples processed before the model is updated.

Optimizer Adaptive Moment
Estimation (Adam)

Optimizers are methods used to configure the attributes of the
neural network, such as weights and learning rate in order to reduce
the losses.

Learning rate
(first 60 k mini-batches) 0.0002 The learning rate is a hyper parameter that controls the model’s

response face to the estimated error each time that the model
weights are updated.Learning rate

(60 k–120 k mini-batches) 0.00002

Weight decay 0.0005
Weight decay allows the neural network to decrease its complexity
and to reduce the training time without penalizing the
detector’s accuracy.

Intersection over Union
(IoU) 0.55 IoU is an evaluation metric used to measure the accuracy of an

object detector on a particular dataset.

Dropout FALSE
Dropout is a regularization method that approximates training a
large number of neural networks with different architectures
in parallel.

Shuffle TRUE Shuffle is used to mix up the custom dataset, so it prevents the
neural network from memorizing it.

Max detections per class 100 It is the maximum number of detection of one object (class) in
one frame.

Max total detections 300 The maximum detections, of any class, allowed in one frame.

4.2. Object Recognition

One of the advantages of using deep learning-based structures is that they work in a wide range of
conditions: illumination level, indoor/outdoor environments, different view angles, partial occlusions,
and different object properties (dimensions, colors, textures, etc.), among others. Therefore, there is no
need to have a controlled setup to test the system and obtain good results.

Figures 14 and 15 show some results on a single object and multiple-objects recognition performed
by the proposed approach, respectively. In this experimental work, both indoor and outdoor scenes
exhibiting different levels of illumination, object view angles, object partial occlusions, and objects
properties have been considered. Note that object recognition for both COCO and custom objects is
performed with high accuracy and robustness.

One of the most difficult tasks VI people face is the identification of people. The inability to
recognize known individuals limit their social interactions and might put them at risk in particular
situations, such as being disoriented on the street or expecting someone to meet in public spaces [64].

Among the custom objects included in the system’s database, a group of eight human subjects
were included. They gave explicit written consent to use their faces for all the purposes of this research
according to the Universidad Panamericana ethics guidelines.
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Figure 15. Selected examples of multiple object detection. Custom objects: switch and power outlet.
COCO objects: cup, cell phone, dining table, chair, bowl, book, bottle, and person.

Figure 16 shows the system’s performance for detecting persons in a scene and further matching
their faces with a specific category. Note in the upper figure, that the system is capable of detecting
(general) people in the scene. In the lower figures, the system still recognizes the human subjects but it
further specifies the names of recognized human faces being included in the database (namely, Bernardo
and Claudio, respectively, the human subject 2 and 4 in Table 3). Such a feature is intended to
enhance VI people participation in society and to contribute to the general awareness of their context
and surroundings.
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Figure 16. Selected examples of human subject detection: known and unknown individuals.

Note that the bounding boxes enclosing the recognized objects include a confidence value,
i.e., the probability (in %) that the bounding box contains the target object. Figure 17 shows an example
of decreasing confidence values of an object due to its progressive occlusion (from left to right in
Figure 17). Note in the central image that the finger inside the bounding box area decreases the
confidence value from 93% to 87%. Just as with human vision, there is a limit at which the AT device is
capable of detecting an object.

As aforementioned, deep learning object recognition is robust to many scene parameters, one of
them is the object view angle, particularly relevant because the camera is attached to the user glasses.
As the head moves, regardless of the user being static or moving, the objects captured in the frame
may not be aligned with ground’s baseline. Figure 18 shows a set of examples of objects misaligned
with the ground’s baseline. Note that recognition is independent from the camera view angle.

Real-time video processing usually leads to some false-positive results appearing only in one or
two frames during a window of time. The main cause of false positives is illumination variation [65].
To filter uncertain cases and thus reduce false positives, we established a confidence threshold of 55%.
Therefore, objects below this probability value will not be taken into consideration [66,67].
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Figure 18. Example of recognition performance with different object view angles.

4.3. Object Positioning

Figure 19 shows two representative results of the object-positioning module. For the left Figure 19,
the Cartesian quadrant algorithm locates the switch in Section II, while the power outlet in Section
V (as represented in Figure 10). The ultrasonic sensor gives a lecture of 2 m to the wall containing
both. For the right Figure 19, the switch is located in Section IV while the doorknob in Section VII at a
distance of 1.5 m. Note the simplicity and effectiveness of the developed algorithm.
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Figure 19. Example of object positioning based on Cartesian quadrants and ultrasonic sensing.
The symbol * represents the CoM of the bounding box. It is taken as a decision factor and is especially
useful in cases where objects span over more than one section.

Nevertheless, the ultrasonic sensing approach has its limitations specially when the objects found
in the scene are not located at the same user-distance. Recall that the emitted acoustic pulse is a beam
with just a 15◦ measuring angle. Therefore, the delivered distance is that of the object directly facing
the ultrasonic sensor; the following Figure 20 shows this situation with the two recognized objects
located at different distances from the user. As the user is facing the wall, the ultrasonic sensor will
deliver the distance to the switch missing that of the power outlet.

To solve situations like this, we have envisaged to use two more ultrasonic sensors for a total of
three to comprehensively cover the camera’s FOV.

As the user freely moves his/her head or approaches the object, the item’s relative position might
change in the frame thus changing the section assigned by the Cartesian quadrant algorithm. This effect
does not pose any problem since the audible descriptive sentences update accordingly warning the
user. It is important to note that this module does not intend to provide precise positioning information
that could enable an accurate grabbing of objects but to offer users a general overview of where objects
are located taking as reference their gaze (the camera on the glasses moves according to the user gaze).



Energies 2020, 13, 6104 23 of 30

Energies 2020, 13, x FOR PEER REVIEW 23 of 31 

 

 
Figure 20. Example of ultrasonic sensing for objects located at different user-distances. The delivered 
distance value is that of the wall containing the switch. 

As the user freely moves his/her head or approaches the object, the item’s relative position 
might change in the frame thus changing the section assigned by the Cartesian quadrant algorithm. 
This effect does not pose any problem since the audible descriptive sentences update accordingly 
warning the user. It is important to note that this module does not intend to provide precise 
positioning information that could enable an accurate grabbing of objects but to offer users a general 
overview of where objects are located taking as reference their gaze (the camera on the glasses 
moves according to the user gaze). 

4.4. Performance Metrics 

In this sub-section, we detail the following performance metrics of interest for our AT device; 
namely, for overall object detection, the mean Average Precision (mAP), and the mean test-time 
speed. For object classification: the loss functions. Finally, for the dataset module: the confidence 
value according to the images used for training. 

To correctly determine the mAP and mean test-time speed (i.e., the computing time) for the 
software execution (object recognition and object positioning), the SoM-based AT device was 
subjected to operation in different operating conditions. A total of 27 different objects (the twelve 
custom and 21 COCO objects) were captured by the camera in different views, angles, and distances 
(so far up to 4 m away from the user), illumination levels, as well as in different environmental 
conditions (outside and inside a house). An ensemble of 8100 images were processed in real-time. 
Figure 21 shows a boxplot analysis summarizing the obtained results. The mAP can be estimated at 
86% (Figure 21a), while the mean test-time speed at 215 ms (which corresponds to an update rate for 
the position information equals to 4.65 Hz), specifically for the operating mode (i.e., mode 0) with 
higher clock frequency (Figure 21b). These numbers allow us to confirm that an accurate and reliable 
real-time object recognition can be performed with the proposed approach. 

To verify that the system produces stable and consistent results over time, a test-retest 
reliability analysis was performed by repeating the same task a week later, in the same 
environmental and operating conditions. For this purpose, the ensemble of 8100 images were stored 
and fed again to the SoM-based processing unit. Both mAP and mean-test time were measured. 

The Pearson correlation results indicate a reliability coefficient of r = 0.947 and r = 0.917 for mAP 
and mean-test time, respectively, thus confirming a high positive association between the scores. It 
can be therefore concluded that the AT designed system for VI people produces consistent results. 

Figure 22 shows a set of loss functions representing the inaccuracy of predictions during the 
classification process of the classification layer (Figure 9). Figure 22a shows the loss function for the 
initial classification, i.e., object recognition alone. Note that inaccuracy rapidly decreases upon the 

Figure 20. Example of ultrasonic sensing for objects located at different user-distances. The delivered
distance value is that of the wall containing the switch.

4.4. Performance Metrics

In this sub-section, we detail the following performance metrics of interest for our AT device;
namely, for overall object detection, the mean Average Precision (mAP), and the mean test-time speed.
For object classification: the loss functions. Finally, for the dataset module: the confidence value
according to the images used for training.

To correctly determine the mAP and mean test-time speed (i.e., the computing time) for the
software execution (object recognition and object positioning), the SoM-based AT device was subjected
to operation in different operating conditions. A total of 27 different objects (the twelve custom and
21 COCO objects) were captured by the camera in different views, angles, and distances (so far up to
4 m away from the user), illumination levels, as well as in different environmental conditions (outside
and inside a house). An ensemble of 8100 images were processed in real-time. Figure 21 shows a
boxplot analysis summarizing the obtained results. The mAP can be estimated at 86% (Figure 21a),
while the mean test-time speed at 215 ms (which corresponds to an update rate for the position
information equals to 4.65 Hz), specifically for the operating mode (i.e., mode 0) with higher clock
frequency (Figure 21b). These numbers allow us to confirm that an accurate and reliable real-time
object recognition can be performed with the proposed approach.

To verify that the system produces stable and consistent results over time, a test-retest reliability
analysis was performed by repeating the same task a week later, in the same environmental and
operating conditions. For this purpose, the ensemble of 8100 images were stored and fed again to the
SoM-based processing unit. Both mAP and mean-test time were measured.

The Pearson correlation results indicate a reliability coefficient of r = 0.947 and r = 0.917 for mAP
and mean-test time, respectively, thus confirming a high positive association between the scores. It can
be therefore concluded that the AT designed system for VI people produces consistent results.

Figure 22 shows a set of loss functions representing the inaccuracy of predictions during the
classification process of the classification layer (Figure 9). Figure 22a shows the loss function for the
initial classification, i.e., object recognition alone. Note that inaccuracy rapidly decreases upon the
number of iterations. The 200,000 iterations performed for the six custom images (Section 4.1) allow
us to expect an inaccuracy of just 2.5%; regarding this, referring to Figure 22a, note that for the value
of 200 K iterations (X axis), we obtained an inaccuracy value of 0.025, thus 2.5%. For greater clarity
with reference to Figure 22, the inaccuracy value (i.e., “Loss Function”) comes from 1 (namely, 100%)
during the first iterations but rapidly decreases, as the network is learning, as the number of iterations
increases (X axis).

Similarly, Figure 22b shows the loss function for localization, i.e., the bounding boxes enclosing the
objects. A 4% inaccuracy in bounding boxes tracing can be expected. Figure 22c shows the loss function
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for the whole classification layer, i.e., object recognition and localization. A 6% error is observed over
the number of iterations. Note that these loss functions guarantee accurate and reliable object detection.

Figure 23 shows the confidence value evolution as a function of the number of images used for
training in the dataset configuration module. A logarithm behavior is observed. Note that 12 images
already guarantee the 55% detection threshold and can be used for fast training. The 100 images used
for training each custom objects achieve an accuracy of 89%.
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5. Results Discussion

Experimental results of the proposed system confirm an accurate real-time object recognition
with an 86% mean average precision (mAP) and 215 ms mean computing time in the case of mode 0
operation modality with high-frequency clock (value that increases up to 360 ms in case of low-speed
mode 1 enabling). The overall object classification loss function shows that the training process was
performed correctly and that classification inaccuracies can be expected in the order of 6%.

A direct comparison with systems already reported in the literature targeting the assistance
of the visually impaired is not evident since most of them miss to report their mAPs [29,30,32].
Other object recognition works [44,68,69] for different applications report comparable mAPs between
70% and 90% exploring other deep learning approaches, such as SSD (Single Shot MultiBox Detector),
YOLO (You Only Look Once), and R-FCN (Region-based Fully Convolutional Networks) with
the use of other image databases for training, such as the PASCAL VOC (Visual Object Classes),
SUN (Scene UNderstanding), and the KITTI (Karlsruhe Institute of Technology and Toyota Technological
Institute) one.

Nevertheless, our mAP agrees with those reported in [70,71]. In the first, an 81.09% mAP was
obtained for moving vehicle detection. In the second scientific work, the authors report an 86.67% mAP
for object detection in sports images. Both explore the same couple of this work: Faster R-CNN and
the COCO dataset; however, their computing platforms are not a compact solution as the Jetson Nano
embedded device employed in this work. The study of the confidence value evidently confirms that
the more images involved in the network training, the better. For the AT device network architecture,
full trainings guaranteeing 89% recognition rates can be achieved with 100 images per object while fast
training conducted with only 12 images can ensure the minimum fixed confidence threshold of 55%.

Future work will explore other computer vision techniques, such as multi-scale analysis, wavelets,
image segmentation, multi-resolution, and pyramids, to improve even further the current mAP.
These methods will certainly require other types of hardware to perform real-time detection.
A comprehensive assessment involving mAP, computing time, hardware’s wearability, and cost
will be performed to determine the best option.

The proposed system is ready for user evaluation. Current work focuses on the design of the user
tests. Their objective will be to assess how subjects make use of the information provided by the AT
device. In particular, we seek to determine the appropriate audible feedback refresh rate, i.e., how
often it is pertinent to convey the descriptive sentences to the user. Our previous works with AT for
visually impaired people [5,7,10] has given interesting insights on how information must be conveyed
to the users: it must be simple and not continuous, because it will surely overwhelm and cognitively
fatigue users, which might finally reject the device regardless of its technological advancements and
benefits. In addition, we will investigate the pertinence of the object-positioning module. We are
interested in determining whether the 2D space general information available from images plus the
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distance to the object obtained from the ultrasonic sensor are sufficiently useful for users to interact
with the environment. The possibility of incorporating two more ultrasonic sensors will be studied to
cover a wider range similar to that of the camera.

In Table 5, the comparison between the proposed AT solar-powered wearable device with other
visual recognition systems, previously presented in Section 2, is reported; specifically, the main features
considered for the comparison are the mean Average Processing (mAP), the mean computing time,
the complexity of the proposed solution, both taking into account the computational load required
for object detection and the resources for training the recognition algorithm, and finally the cost of
the proposed solution. In particular, our proposed solution obtains an optimum mAP (i.e., 86%) and
processing time (i.e., 215 ms) compared to other similar systems requiring high-performance and
high-frequency processors hardly applicable for a wearable system. For instance, the system in [26]
can support a 30 frame/s frame rate only for a high-performance computer with 2.4 GHz Intel Core i7
processor and 32 GB RAM; these conditions make the integration of the system into a portable and
wearable device very difficult, involving high implementing costs.

Table 5. Comparison between the proposed object detection system and other similar works reported
in the scientific literature.

Solution mAP [%] Mean Computing Time [ms] Complexity Cost

L.B. Neto [24] 94 2.4 High High
S. Lu [38] 88 22 High High

U. Malūkas [40] 96 105 High High
K. Jayakanth [41] 100 451 Medium-High High

Our system 86 215 Low Low

6. Conclusions

This paper has presented an innovative and fully operational solar-powered wearable AT device
to assist VI people in finding daily used objects in the nearby space. All the aspects of the new system
have been analyzed: (i) a deep and extensive state-of-the-art analysis with a comparison with similar
devices and techniques which allowed to appreciate the accuracy and cost-effectiveness of the proposed
solution, (ii) performances of adopted deep learning technique (Faster R-CNN), (iii) possibility of
extending the system energy autonomy by using a wearable solar energy harvesting system for power
supplying the designed AT device, (iv) the AT device performances related to single and multiple
objects recognition, so demonstrating that the implemented system is robust to many scene parameters
and may detect with high accuracy the real-time images of an extended library.

The system is composed of a miniature low-cost camera, a system on module (SoM) embedded
board, and an ultrasonic sensor. The camera is placed on the user’s eyeglasses and captures real-time
video of the surrounding environment. The SoM can be attached at the waist level as a belt and
processes the images sent by the employed low-cost camera. The ultrasonic sensor is placed on the
same belt at the buckle level to provide the distance to an object. The battery pack and the electronic
section of the wearable solar energy harvesting system, useful for increasing the autonomy of the
designed AT device, have been placed into pockets realized in the internal part of the jacket.

The algorithms running on the SoM are capable of detecting objects found in everyday scenes
and positioning them in the Cartesian space through a specific introduced methodology that divides
the analyzed image into nine quadrants. The feedback to the user consists of audible descriptive
sentences involving the object(s) detected, its (their) position(s) in the field of view of the camera,
and its (their) user-distance.

The software’s architecture exhibits three main modules: dataset configuration, object detection,
and object positioning modules. The dataset configuration module contains previously trained Faster
R-CNNs encompassing the 91 objects of the COCO dataset and it is also capable of hosting Faster
R-CNN trained with custom images. The object detection module consists of a Faster R-CNN processing
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the real-time video coming from the camera. It is responsible for detecting and recognizing the objects
for the VI. Finally, the object-positioning module uses a Cartesian quadrant algorithm to position the
objects found and determine their distance, and conveys the appropriate audible messages to the user.
All major components of the architecture have been thoughtfully described.

The final results obtained with the proposed solar-powered device and presented in the manuscript
are very encouraging; in fact, with complete training done on 100 images, it is possible to reach 89%
recognition accuracy, while with reduced training done on only 12 images, it is possible, however,
to reach a recognition accuracy value as high as 55%. Moreover, the developed recognition system
is equipped with a triaxial MEMS accelerometer, able to detect the user condition (stationary or
moving), to dynamically adapt the SoM power consumption (low-power mode 1 or high-power mode 0,
respectively). In this way, a reduction of the system energy consumption is obtained leaving unaltered
the functionality; after this power consumption analysis and optimization, the on-field tests have
demonstrated that the designed energy harvesting section, based on wearable flexible solar panels,
significantly increases the device energy autonomy up to 6.1 h (outdoor scenario).

Finally, our vision is not to implement just a laboratory prototype. We envisage a technological
transfer that can assist the VI population, also considering the proposed device economy (total cost
of only 200 USD), long energy autonomy, and ease of wearing. Future work will include the
deployment of a website where the already trained Faster R-CNN files can be downloaded by users.
Different categories, such as home appliances, office equipment, cleaning products, and clothes,
among many others, will be ready for purchase and upload to the AT device.
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40. Malūkas, U.; Maskeliūnas, R.; Damaševičius, R.; Woźniak, M. Real Time Path Finding for Assisted Living
Using Deep Learning. J. Univers. Comput. Sci. 2017, 24, 475–486. [CrossRef]

41. Jayakanth, K. Comparative Analysis of Texture Features and Deep Learning Method for Real-time Indoor
Object Recognition. In Proceedings of the 2019 International Conference on Communication and Electronics
Systems (ICCES), Coimbatore, India, 17–19 July 2019; pp. 1676–1682.

42. Jabnoun, H.; Benzarti, F.; Morain-Nicolier, F.; Amiri, H. Video-based assistive aid for blind people using
object recognition in dissimilar frames. Int. J. Adv. Intell. Parad. 2019, 14, 122–139. [CrossRef]
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