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Introduction: Wearable assistive devices for the visually impaired whose technology is based on video camera devices represent a challenge in rapid evolution, where one of the main problems is to find computer vision algorithms that can be implemented in low-cost embedded devices.
Objectives and Methods: This work presents a Tiny You Only Look Once architecture for pedestrian detection, which can be implemented in low-cost wearable devices as an alternative for the development of assistive technologies for the visually impaired.
Results: The recall results of the proposed refined model represent an improvement of 71% working with four anchor boxes and 66% with six anchor boxes compared to the original model. The accuracy achieved on the same data set shows an increase of 14% and 25%, respectively. The F1 calculation shows a refinement of 57% and 55%. The average accuracy of the models achieved an improvement of 87% and 99%. The number of correctly detected objects was 3098 and 2892 for four and six anchor boxes, respectively, whose performance is better by 77% and 65% compared to the original, which correctly detected 1743 objects.
Discussion: Finally, the model was optimized for the Jetson Nano embedded system, a case study for low-power embedded devices, and in a desktop computer. In both cases, the graphics processing unit (GPU) and central processing unit were tested, and a documented comparison of solutions aimed at serving visually impaired people was performed.
Conclusion: We performed the desktop tests with a RTX 2070S graphics card, and the image processing took about 2.8 ms. The Jetson Nano board could process an image in about 110 ms, offering the opportunity to generate alert notification procedures in support of visually impaired mobility.
Keywords: Tiny YOLOv3, deep learning, visual impaired, image processing, graphic processing unit, pedestrian detection
1 INTRODUCTION
According to the World Health Organization (WHO), More than two hundred million people worldwide have vision impairment problems WHO Noncommunicable Diseases Team (2019), like cataract, trachoma, refractive error, and other affections. Although these health problems are irreversible in some cases, in some others, visual impairment can be improved by treatment or rehabilitation. Projections show that global demand for eye care is set to surge in the coming years due to population growth, ageing, and lifestyle changes. For people in which the visual impairment is irreversible or requires rehabilitation, there are some assistive devices and health technologies that seek to improve their degree of independence, and well-being WHO Noncommunicable Diseases Team (2015).
In the arena of requirements fulfillment for assistive solutions for the visually impaired/blind, the work of Ntakolia et al. (2022) provides other example of assisted navigation for visually impaired individuals, focusing on outdoor cultural environments. Recent work made by Valipoor and de Antonio (2022) provide a rich survey highligthing the challenges in the field and systematic mapping of different approaches of computer vision-based assistive solutions. We recommend to take a look at this reference.
Tapu et al. (2018) state that the wearable assistive devices for the visually impaired can be divided into two main groups. The first one involves sensorial networks with electronic travel aids (ETAs), including technology-based infrared sensors, ultrasound sensors, global positioning system, radio frequency identification, and low-energy Bluetooth. The second group is composed of video camera-based ETAs, which are monocular video-based systems, stereo camera-based systems, and RGB-D camera-based systems.
Video camera-based ETAs result from the rapid evolution of low-cost wearable cameras, computer vision/machine learning algorithms, and embedded devices. In the work proposed by Cheng et al. (2018), the authors introduce a pedestrian crossing lights detection algorithm implemented in a portable computer with a colour camera as an aid for the visually impaired. Lin et al. (2018) propose a visual localizer for assisted navigation of the visually impaired; the system consists of a Realsense Camera, a GNSS processor, and a pair of earphones. Afif et al. (2020) developed an indoor detector for the visually impaired. The system is based on a deep convolutional neural network. In all these cases, the algorithms in charge of assisting the visually impaired are based on object detection (OD).
During the last decade, systems that perform OD have improved because it is one of the main computer vision tasks. OD it serves as the basis of many of its applications, such as semantic segmentation Xie et al. (2017), instance segmentation Cai and Vasconcelos (2019), pose estimation Ge et al. (2019), and object tracking Mahalingam and Subramoniam (2018). OD used specifically for pedestrian detection is the base of different tasks like person identification Li et al. (2018), person re-identification Wu et al. (2019), action recognition Mabrouk and Zagrouba (2018), and behavior analysis Yi et al. (2016), among others. Consequently, many applications that impact our daily lives can use pedestrian detection systems from intelligent surveillance systems to autonomous vehicles Arnold et al. (2019), and lately in medical devices Sathyamoorthy et al. (2020).
Pedestrian detection systems have the desirable characteristics of robustness while efficient in processing a large amount of data. Deep learning computational models have been used to achieve these goals. A deep learning model extracts a hierarchical representation from large-scale data Wang and Sng (2015). Convolutional Neural Networks (CNNs) are among the most popular deep learning architectures due to their ability to exploit spatial or temporal correlation in data Liu et al. (2019). Therefore, CNNs are ideal for image processing due to their high performance response in image segmentation, detection, retrieval-related tasks, and classification. A CNN adds convolutional layers to fully connected networks, typically consisting of convolutional operations, a batch normalization layer, a pooling layer and an activation function. The parameters and hyperparameters setup of a CNN model is essential to fit the application scenario.
There are two approaches in the object detection task using CNNs: one-stage methods and two-stage methods. In the latter, the models propose a set of regions of interest through a selective search. Then, a CNN classifier processes only the candidate regions. These include the family of Region-based Convolutional Neural Networks (R-CNN) Girshick et al. (2014). R-CNN was improved by unifying the input image with the Region of Interest (RoI), used as a Deep CNN input. The improved visual geometry group (VGG-16) network outputs the softmax probabilities, and the bounding box coordinates per RoI. Girshick (2015). Then, a Faster R-CNN was proposed by Liu et al. (2016). Even with these improvements, the inference time is around 0.32 s running on a desktop computer with a dedicated GPU.
In counterpart, one-stage methods are characterized by skipping the part of the proposed region, and instead, they directly provide the detected bounding box and the class to which it belongs. In general, these methods are more straightforward and faster but less robust than two-stage methods. The most representatives architectures of this type of models are the YOLO which is considered to be the first attempt to build a real-time object detection system Redmon et al. (2016), the Single Shot Detector (SSD) model Liu et al. (2016) which uses a pre-trained VGG16 as a feature extractor and uses the idea of pyramidal features for the efficient detection of objects at different scales. YOLOv2 is a Fully Convolutional Neural Network (FCNN), an architecture that can process images from different sizes and includes a batch normalization layer Ioffe and Szegedy (2015) on all the convolutional layers.
One of the significant disadvantages of the models presented is the need for a GPU to process images in ms, It was therefore necessary to apply new models or architectures or modify existing ones to mitigate this problem. That is why MobileNet was proposed by Howard et al. (2017). It is designed for mobile and embedded applications; Google released an improvement in 2018 called Mobilenet V2 Sandler et al. (2018). Tiny YOLO is a variant of the previously mentioned YOLO, and the release of an improvement over YOLOv3 was derived in Tiny YOLOv3, which is a simplified version architecture. YOLO-LITE Huang et al. (2018) is a real-time object detection model designed to run on portable devices with no GPU/TPU processors, based on the YOLOv2 model.
In summary, state-of-the-art CNN-based architectures such as R-CNN, VGG, Mobilenet, and YOLO series combined with SSD benefit OD and segmentation systems. Non-etheless, not every proposed model achieves the specific requirements for wearable devices that are robust and low-energy consumption. Therefore, this work considers the assessment of the well-known Tiny YOLOv3 architecture fitted for pedestrian detection. This assessment’s contribution has essential relevance for incorporating that model into embedded devices such as wearables for the visually impaired.
The rest of this document is organized as follows: Section 2, presents the Tiny YOLOv3 architecture that was employed in this work. Section 3 presents the mathematical background of the technique that enables the fitting of the Tiny YOLO architecture. Then, Section 4 outlines different embedded hardware platforms available to implement deep learning for pedestrian detection. Section 5, shows the experimental results achieved in this work. At last, Section 6 discusses the obtained results, concluding with Section 7.
2 THE TINY YOLOV3 ARCHITECTURE
The Tiny YOLOv3 architecture, proposed by Redmon and Farhadi (2018) is designed for low-power devices based on novel ideas from object detection models as YOLOv2, YOLOv3, and FPN. The model was trained using MS COCO Dataset and VOC Dataset. It has a little over eight million trainable parameters and uses the same idea of YOLOv3 anchor boxes. The model uses six anchor boxes calculated with a k-means algorithm on the bounding boxes of the dataset. The complete architecture is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Tiny YOLOv3 architecture.
The network comprises two essential parts, which are named feature extraction and detection. Feature extraction is performed by a series of convolutional layers that progressively increase the number of filters to extract more complex features. Each layer in this task uses Batch Normalization before the activation function Leaky ReLU, and uses max pooling for dimensionality reduction purposes. The network uses pyramidal feature extraction (block 13) concatenating the output of a convolution layer (block 8) with another (block 5) closer to the input layer as seen in Figure 1.
3 ADAPTATION OF TINY YOLOV3 USING TRANSFER LEARNING
The transfer learning technique allows a trained model to be adapted for its use in a new scenario. In this case, the Tiny YOLOv3 is set up to detect 80 different class objects and trained initially with the COCO dataset. It is necessary to adjust some parameters to fit the Tiny YOLOv3 to detect only pedestrians more accurately. The fine-tuning process in the transfer learning technique involves retraining the model with a specific dataset and adjusting the loss function and the anchor boxes for pedestrian detection.
The dataset for the fine-tuning task collects people-related images from the COCO dataset and the Pascal VOC dataset. In this configuration, the collected dataset contains annotations with normalized pedestrian bounding boxes. A new set of anchor boxes for the only pedestrian class has to be determined; the following subsection presents its calculation. Finally, for the fitting process, a data augmentation methodology is employed to increase the accuracy of the model on different datasets (see Section 3.3 for details).
3.1 The training loss function
The loss function of the fitting process is an adaptation of the original model, omitting the minimization error for different objects. The loss function, presented in Eq. 1, optimizes the dimensions of the bounding box over each cell weighted by λcoord when the function [image: image] aligns a cell i with an anchor box j, plus the balanced prediction of the object in the cell i. The balanced prediction is weighted by λobj and λnoobj decreasing the effect of the unbalanced number of objects and no objects (background) in the dataset. The oi takes the value of one when an object is in the cell i.
[image: image]
3.2 The anchor boxes for pedestrian detection
The fine-tuning process requires a new set of anchor boxes fitted to pedestrian detection. To this aim, the filtered training dataset with people-related clips gave the bounding boxes annotations with pedestrians. Figure 2 shown all the boxes in the dataset that localize pedestrians. Each point in the figure represents a bounding box, and the coordinates represent the normalized width and the height of each box.
[image: Figure 2]FIGURE 2 | Bounding boxes in the training set.
Following the Tiny YOLO v3 methodology for fitting, K-means clustering helped find the new normalized centroids of the anchor boxes. The purpose of this process is to maximize the intersection over union (IoU) measurement between the bounding boxes in the dataset and the anchor boxes according to Eq. 2. The number of clusters (k) and other initial parameters were empirically selected by experimenting five thousand times with different initial conditions.
[image: image]
Figure 3 shows the different values of IoU with the selected bounding boxes from the COCO and the VOC datasets and the combination of both COCO + VOC bounding boxes. Although the IoU increases significantly with k > 4, a good balance between the value of k and the number of parameters in the final layers of the model is to use k = 6. Figure 4A shows the clustered dataset with k = 4 centroids while Figure 4B shows the four anchor boxes found. Figure 5A shows the dataset clustered with k = 6 centroids whilst Figure 5B shows the six anchor boxes found.
[image: Figure 3]FIGURE 3 | IoU for different number of clusters.
[image: Figure 4]FIGURE 4 | (A) Anchor boxes obtained with k = 4. (B) Clustered dataset with these anchor boxes.
[image: Figure 5]FIGURE 5 | (A) Anchor boxes obtained with k = 6. (B) Clustered dataset with these anchor boxes.
3.3 Dataset augmentation
One of the most common techniques to avoid overfitting in deep neural networks is data augmentation. Data augmentation consists of applying different transformations to the images of the original dataset creating a new training dataset. The image transformations available are geometric (rotations, axis translations, horizontal or vertical flips, among others) and pixel-level (addition of noise, color transformations and others). For object detection, changes must be applied to the bounding boxes when necessary; for example, the rotation of the bounding box is similar to the rotation of the image.
The strategy for data augmentation used in this work is proposed by Zoph et al. (2020); they used reinforcement learning to find which transformations are the ones that improve the most in the performance of object detection. Figure 6 is a diagram that explains this strategy and Table 1 provides the type of operations applied to the images, where.
1) X Translation: Translates the images along the horizontal axis. The number of pixels translated was chosen uniformly at random in this application, from −60 to 60 pixels.
2) Equalization: Perform an equalization on the histogram of the image.
3) Bbox Y translation: Translate only the bounding box section along the vertical axis, from −75 to 75 pixels.
4) Cutout: Fill a square section of the image with L = 48 pixels with
     (128,128,128) pixels of grey level, and then place it randomly in the image.
5) Y Shear: Apply shear mapping along the vertical axis; the range could be from −30 to 30 pixels
6) Rotation: Rotates the image; the number of degrees of rotation ranges from −30 to 30.
7) Saturation: Multiply the saturation in the HSV colour space by a factor between .54–1.54.
[image: Figure 6]FIGURE 6 | Data augmentation strategy from Zoph et al. (2020).
TABLE 1 | Image transformations used in the data augmentation process.
[image: Table 1]Figure 7 displays different images of the training set with the annotations provided for the dataset; while Figure 8 shows the examples of the applied transformations.
[image: Figure 7]FIGURE 7 | Different images from the COCO dataset and their annotations without any data augmentation technique.
[image: Figure 8]FIGURE 8 | Different images from the COCO dataset and their annotations with data augmentation techniques.
4 HARDWARE SELECTION: DEVICES FOR EMBEDDED AI APPLICATIONS
Deep learning models usually require enormous computational resources for training and implementation. Most of the model inference process has to be run on specialized hardware or by using clusters allocated on cloud services with powerful GPUs or TPUs. The best results achieve inference but at low frame rates (a few frames per second). However, many edge, IoT and mobile applications require processing large amounts of data without sacrificing the accuracy of model inference. Therefore, high performance inference and low power consumption are critical.
The availability of novel low-power and specialized equipment, combined with lighter but sufficiently accurate models, makes it possible to implement them in small devices. Many technical specifications are taken into account when selecting a suitable board for development. The most important technical specifications are the specific type of hardware to process and accelerate AI (GPUs, TPUs, or both): the memory available on the board (RAM and storage), the number of operations per cycle for integer (measured in GOPS, the number of Giga Operations per Second using 8-bit integers) and floating-point representation data, measured with an order of magnitud 109 Floating-point Operations per Second (abbreviated as Giga-FLOPS or GFLOPS), the available embedded cameras and other sensors depending on the application, compatibility with frameworks, and power consumption levels. Table 2 shows a revision of current boards specialized for AI embedded systems. The Dev Boards presented in Table 2 are all compatible with Tensorflow or Tensorflow Lite and specialized for DNN inference in real-time, according to the information provided by the manufacturers. On the one hand, the price of different boards varies from 100 to 699 USD in the time of the searching. However, the trade-off between price and number of possible operations per cycle is best for NVIDIA Jetson Nano 4.8 GFLOPS/USD, followed by the NVIDIA Jetson TX2 with 3.3 GFLOPS/USD. For the Bitmain Sophon Edge and the Google Coral Dev Board, the ratio is 15.5 GOPS/USD and 26.8 GOPS/USD, respectively. On the other hand, the power consumption is lower for the NVIDIA Jetson Nano (5–10 W), followed by NVIDIA Jetson TX2 (7.5 W), Google Coral (10–15 W), Bitmain Sophon (24 W), and then NVIDIA Jetson AGX Xavier (30 W limit).
TABLE 2 | Technical specifications comparison of four popular embedded systems for artificial Intelligence applications. Information obtained from the manufacturers official website.
[image: Table 2]To maintain a reduced cost ratio of the platform, Jetson Nano has 4 GB of main memory which is not enough to run AI-intensive applications. Many times, when working with Jetson Nano, the screen freezes for a moment. Despite this memory size condition, it is possible to solve this problem by using swapfile, a feature of the Linux kernel used in the Jetson Nano. Swap space is the available storage area on a hard disk. It is a part of the Jetson Nano’s memory. The swap contains memory pages that are temporarily inactive. Swap space is used when the operating system decides that it needs physical memory for active processes and the amount of available (unused) physical memory is insufficient. When this happens, the inactive pages of physical memory are moved to the swap space, freeing up that physical memory for other uses, improving the response time of the Jetson Nano.
According to the information compiled, the NVIDIA Jetson AGX Xavier has the best performance, almost 20 times better than the Jetson TX2; however, the price ratio of Jetson is better for the Nano model. The NVIDIA Jetson Nano design is aimed at low-power implementations, is the cheapest of the five boards, supports many frameworks, and is intended for computer vision applications. Therefore, in this work the experimental section included the NVIDIA Jetson Nano as the hardware architecture to integrate the inference model.
5 EXPERIMENTAL RESULTS
The Transfer Learning process to fit a proposed model to a new scenario involves changing some initial and final layers, as well as adjusting parameters and hyperparameters in a training task. The training task employs Tensorflow Abadi et al. (2016), an end-to-end open-source machine learning platform, is employed in the training task. TensorRT NVIDIA (2020) improves high-performance inference on NVIDIA GPUs directly with models trained with Tensorflow. To increase performance, TensorRT converts the model to a half-precision 16-bit floating-point format; this reduces the size of the model and thus the processing time.
5.1 Pretrained model as feature extractor
The first experiments use the pre-trained model as a feature extractor, freezing all the model layers except the final one. We trained the model using four anchor boxes (Experiment 1) and six anchor boxes (Experiment 2) and without any data augmentation technique. Table 3 shows the results that were obtained in experiments 1 and 2. The metrics shown are the Precision (P), Recall (R), F1 Score, Objects Detected Correctly (ODC) and the Average Precision (AP) calculated for the COCO Validation set filtered with the “Person” class.
TABLE 3 | Results obtained with step 3 experiments.
[image: Table 3]5.2 Fine tuning process
The following experiments used the model obtained in the previous step and used the weights as initial parameters for the training process. We experimented using four and six anchor boxes. Table 4 shown the results obtained with the percentage improvement.
TABLE 4 | Improvement of the best models with respect to the original model.
[image: Table 4]Using the results obtained previously and employing four and six anchor boxes, we plot the precision vs. recall curve (Figure 9).
[image: Figure 9]FIGURE 9 | Average precision curve of our best results vs. original implementation.
5.3 Detection results
In this section, we show different images that were tagged manually an placed on Figures 10–13. Each figure shows the original annotated image, the image with the original predictions of the network, the image with the predictions of the best result of the four anchor boxes, and the image with the predictions of the best result of the six anchor boxes.
[image: Figure 10]FIGURE 10 | (A) Original image with ground truth annotations. (B) Detected bounding boxes by the original model. (C) Detected bounding boxes by the four anchor box refined model. (D) Detected bounding boxes by the six anchor box refined model.
[image: Figure 11]FIGURE 11 | (A) Original image with ground truth annotations. (B) Detected bounding boxes by the original model. (C) Detected bounding boxes by the four anchor box refined model. (D) Detected bounding boxes by the six anchor box refined model.
[image: Figure 12]FIGURE 12 | (A) Original image with ground truth annotations. (B) Detected bounding boxes by the original model. (C) Detected bounding boxes by the four anchor box refined model. (D) Detected bounding boxes by the six anchor box refined model.
[image: Figure 13]FIGURE 13 | (A) Original image with ground truth annotations. (B) Detected bounding boxes by the original model. (C) Detected bounding boxes by the four anchor box refined model. (D) Detected bounding boxes by the six anchor box refined model.
5.4 Inference process
For the training and testing process, we used a desktop computer with the following hardware specifications.
1) CPU: Intel i7-9700k 8 cores at 3.6 GHz
2) GPU: NVIDIA RTX 2070 SUPER
3) RAM (GB): 32 GB at 2666 MHz.
4) OS: Ubuntu Linux 18.04
The following results are obtained using 416 × 616 × 3 dimension images and the reported time is in ms. Using the frozen graph, we test our refined model and the original implementation on different systems. Table 5 shows the results obtained using the CPU from the desktop computer and the CPU from the Jetson Nano.
TABLE 5 | Performance results in CPU.
[image: Table 5]We can observe an improvement in the inference time compared with the original implementation, both on the desktop CPU and on an embedded CPU.
Using the TensorRT library, we optimized the model for a Desktop GPU and for the Jetson nano GPU. Table 6 shows the results obtained.
TABLE 6 | Performance results in GPU.
[image: Table 6]5.5 Power consumption measurement
We used Jetson Nano as a case study of a low power consumption embedded system. Measuring consumption is important because the application will be used in mobile computing for visually impaired users, where managing the energy consumption values used will allow adjustments to be made to the device’s operating time.
To perform the power consumption evaluation for object detection in a video, the Jetson Nano performs the entire preprocessing task: it reads the video frame, resizes it to the image size used for the neural network, performs the neural network operations, makes the bounding box predictions, draws the rectangles in the video frame, and finally sends it to a web browser for display.
Power consumption monitoring (POM) was performed when Jetson Nano was processing the object detection task in a video. The measurement is performed using the tegrastats command-line utility which reports CPU, GPU and memory usage for Tegra-based devices like the Jetson Nano Bonghi (2020); Figure 14 shows the total power consumption of the Jetson Nano (blue) and the individual consumption of the CPU (green) and GPU (orange).
[image: Figure 14]FIGURE 14 | Jetson Nano power consumption measurement.
6 DISCUSSION
Looking for the best performance in inference run-time on GPU devices, the selected network is suited to execute the pedestrian detection routine. Table 6 shows the performance of the original model and the tuned model for pedestrian detection; the original implementation performed worse on a CPU. Also, for devices with GPUs (e.g., the Jetson series or data centers where it is possible to rent a GPU cluster), the tuned model may give the best performance. However, if we want a model for a similar purpose (pedestrian detection) but for mobile or embedded devices where no GPU is available (e.g. Raspberry Pi, digital signal processors or high-performance microcontrollers), a different base model must be selected.
In order to make a comparison of solutions related to the implementation of assistive devices for visually impaired people, a search for articles with the perspective addressed by this work was carried out. After the use of author’s keywords, paper selection strategy use the following exclusion criteria elements: 1) Papers are not relevant to the primary research goal (by reading of abstract, introduction and conclusion). 2) Papers published in personal blogs, patents or non-academic web pages. 3) Documents without solution for obstacle detection and/or object recognition, 4) Solutions that are not implemented, and 5) Not written in English. Table 7 provides the output of such comparison, where pedestrian detection is touched from different perspectives, considering the computer vision technologies to analyze and understand a scene as the main element of discernment. Correlation column indicates the weakness or strong relationship of the research reported on those manuscripts placed on Table 7 with the one provide here, based on the declared contributions and author keywords. In this way, the focus was determined to seek solutions to meet the visually impaired requirements.
TABLE 7 | Comparison of related reported implementations, with the following keywords abbreviations: pedestrian detection (PD), visually impaired (VI), Tiny YOLOv3 (TY), deep learning (DL), wearable assistive devices (WAD), graphic processing unit (GPU), power management (PM), image processing (IP).
[image: Table 7]The work of Xu et al. (2022) focus on a model to solve real-time pedestrian detection, using YOLOv3 models and modified ShuffledNet to attend security. Correlation with this manuscript deals with the manage of YOLOv3 models only. In terms of visually impaired users assistance, Mancini et al. (2018) reports a mechatronics and haptic systems, whose operations are supported by a monocular vision-based system to assist people during walking, jogging, and running in outdoor environments. To assist visually impaired people, Khan et al. (2020) describe the use of wearables for blindness by using an embedded system, supported by Raspberry Pi 3 Model B+ and artificial intelligence. The detection of obstacles and classification methodology, using generalization support to identify objects as static and dynamic obstacles, is reported by Tapu et al. (2017). It is important to note that no information was found in the articles on how power consumption measurement intervenes in the pedestrian detection process, an important issue to consider in mobile assistive devices.
The power consumption measurement reported in Figure 14 indicates that we should consider an average power consumption of 6 W during pedestrian recognition operation. For a practical use case in mobile devices, the use of a 5000 mA h battery, at a voltage of 5 V, results in 25 W/h. For the purposes of this work, this represents an operation of a little more than 4 h using the Jetson Nano, which can be used in trajectories with different pedestrian scenarios. However, other power consumption considerations must be considered, such as the audible or mechanical guidance units included in the assistive device for the visually impaired to review autonomy.
The base model was refined and focused on the detection of one class. We observed an improvement in the number of detected objects and a decrease in the number of false positives, indicating better recall and accuracy. With the chosen metrics, we were able to measure the performance of the model, which gives us a good understanding of its strengths and weaknesses. It helps to understand the differences in performance between models with four and six anchor boxes and to choose the best model based on average accuracy. In terms of average accuracy, six anchor boxes perform better because objects with higher confidence get better definition of their box dimensions. We can observe the results in Figure 9 and the real implementation, comparing original YOLOv3 with the proposal of this work, in a crowded pedestrian street located in Mexico City https://youtu.be/ZnYK9ibM7kg.
The original and the refined models (with four and six anchor boxes) were tested using the validation set of the COCO dataset, comprising 11004 objects distributed over 2634 different images. The evaluation of the fitted model used as a feature extractor achieved a accuracy of 0.73 using six anchor boxes. However, type II errors (false negatives) measured a recall of 0.17 and an F1 score of 0.27. In contrast, fitting the model with retraining epochs results in a good balance between the 0.67 accuracy and 0.27 recall. It is important to note that accuracy penalizes type I error (false positives). Therefore, the best F1 score of the fitted model was achieved by using six anchor boxes in a retraining for the pedestrian detection class.
According to the experimental results, the model tuned only for pedestrian detection is suitable to run on different hardware configurations. For example, we get about 44% improvement in inference time using a desktop CPU that could be like those found in data centers. With an embedded device, such as a Jetson Nano, we obtained better performance than the original. In this case, nine frames per second may not be useful in an application requiring dense processing. However, using a sparse basis, the adjusted model can process enough frames to achieve real time. In addition, the fitted model is useful in embedded applications with on-board processing. That is, applications where the system does not request cloud services for processing or where information protection is crucial, and all processing must be done at the edge, which could not be possible with other embedded devices without a GPU.
A disadvantage found in the Jetson Nano was the limitation of RAM resources needed in the inference process to allocate the intermediate tensors in the network. One solution to this restriction was to change the model to work with smaller images; however, the dimension of the intermediate tensors tends to shrink, affecting detection performance.
7 CONCLUSION
This paper presents an evaluation of the Tiny YOLOv3 network for its implementation in low-cost wearable devices as an alternative for the development of assistive technologies for the visually impaired. The selected network, Tiny YOLOv3, is an architecture that is originally capable of detecting 80 different classes. For this evaluation, the model was adjusted to detect a single class (pedestrian) using Tensorflow. The parameters and hyperparameters were tuned to detect pedestrians using different anchor boxes to achieve sufficiently good performance. The tuned model achieved an improvement of 55% in the F1 Score compared to the original model. In addition, the tuned model was evaluated using the standard images from known datasets and real-world images.
The tuned model was optimized for use in the Jetson Nano embedded system, a case study for low-power embedded devices, and in a desktop computer. In the case of the embedded system, the original implementation was able to process an image on the GPU of the Jetson Nano board in 1.2 s, while the model tuned only for pedestrian detection was able to process it in about 110 m. Furthermore, using the embedded system CPU, the original implementation was able to process an image in 3 s, while the tuned model completed the same task in 470 m. Desktop tests were performed on an RTX 2070S graphics board, the original model completed the task in 0.75 s, and the tuned model completed the same task in about 21 m. These results demonstrate that the tuned model can process frames acquired by a video camera with sufficient dispersion to achieve real-time pedestrian detection.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
AUTHOR CONTRIBUTIONS
S-UM-M, A-JA-C, M-JR-C, and Z-JG-Z conceptualization, S-UM-M, A-JA-C, and M-JR-C; methodology, S-UM-M, A-JA-C, and Z-JG-Z; software, S-UM-M; validation, S-UM-M and A-JA-C; formal analysis, All; research, A-JA-C and Z-JG-Z; resources, M-JR-C; writing–original draft preparation, All; writing–review and editing, S-UM-M, A-JA-C, and Z-JG-Z; visualization, A-JA-C and M-JR-C; supervision, A-JA-C and Z-JG-Z.
FUNDING
This research has been supported by the following institutions Tecnológico de Monterrey, Instituto Politécnico Nacional, Universidad de las Américas, and Consejo Nacional de Ciencia y Tecnologia.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Abadi, M., Barham, P., Chen, J., Chen, Z., Davis, A., Dean, J., et al. (2016). “Tensorflow: A system for large-scale machine learning,” in Proceedings of the 12th USENIX Symposium on Operating Systems Design and Implementation (OSDI’16),  (Savannah, GA, November 2–4, 2016), 265–283. 
 Afif, M., Ayachi, R., Said, Y., Pissaloux, E., and Atri, M. (2020). An evaluation of retinanet on indoor object detection for blind and visually impaired persons assistance navigation. Neural Process. Lett. 51, 2265–2279. doi:10.1007/s11063-020-10197-9
 AM (2020). Inicia la “nueva normalidad” y el país está cerca de 10 mil muertos por Covid-19. Available at: https://www.am.com.mx/hidalgo/noticias/Inicia-la-nueva-normalidad-y-el- pais-esta-cerca-de-10-mil-muertos-por-Covid-19-20200601-0010.html (Accessed 01 06, 2020). 
 Arnold, E., Al-Jarrah, O. Y., Dianati, M., Fallah, S., Oxtoby, D., and Mouzakitis, A. (2019). A survey on 3d object detection methods for autonomous driving applications. IEEE Trans. Intelligent Transp. Syst. 20, 3782–3795. doi:10.1109/TITS.2019.2892405
 Bonghi, R. (2020). jetson-stats. Available at: https://github.com/rbonghi/jetson_stats (Accessed 10 23, 2022). 
 Cai, Z., and Vasconcelos, N. (2019). Cascade R-CNN: High quality object detection and instance segmentation. IEEE Trans. Pattern Analysis Mach. Intell. 43, 1483–1498. doi:10.1109/tpami.2019.2956516
 Cheng, R., Wang, K., Yang, K., Long, N., Bai, J., and Liu, D. (2018). Real-time pedestrian crossing lights detection algorithm for the visually impaired. Multimedia Tools Appl. 77, 20651–20671. doi:10.1007/s11042-017-5472-5
 Ge, Y., Zhang, R., Wu, L., Wang, X., Tang, X., and Luo, P. (2019). “DeepFashion2: A versatile benchmark for detection, pose estimation, segmentation and re-identification of clothing images,” in Proceedings of the IEEE conference on computer vision and pattern recognition,  (Long Beach, CA, June 15–20, 2019), 5332–5340. doi:10.1109/CVPR.2019.00548
 Girshick, R. (2015). “Fast R-CNN,” in Proceedings of the IEEE International Conference on Computer Vision,  (Santiago, Chile, December 07–13, 2015), 1440–1448. doi:10.1109/ICCV.2015.169
 Girshick, R., Donahue, J., Darrell, T., and Malik, J. (2014). “Rich feature hierarchies for accurate object detection and semantic segmentation,” in Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,  (Columbus, OH, June 23–28, 2014), 580–587. doi:10.1109/CVPR.2014.81
 Howard, A., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., et al. (2017). MobileNets: Efficient convolutional neural networks for mobile vision applications. Computing Research Repository (CoRR) in arXiv, Cornell University. arXiv preprint. doi:10.48550/arXiv.1704.04861
 Huang, R., Pedoeem, J., and Chen, C. (2018). “YOLO-LITE: A real-time object detection algorithm optimized for non-GPU computers,” in Proceedings—IEEE International Conference on Big Data,  (Seattle, WA, December 10–13, 2018), 2503–2510. doi:10.1109/BigData.2018.8621865
 Ioffe, S., Szegedy, C., Yin, D. H., Li, Y. L., Tuo, S. X., Xu, Y. H., et al. (2015). Deprotonation or protonation: The coordination properties, crystal structures and spectra of cobalt (II) complex with 1-(2-pyridylazo)-2-acenaphthequinol ligand. J. Mol. Struct. 1134, 63–66. doi:10.1016/j.molstruc.2016.12.061
 Khan, M. A., Paul, P., Rashid, M., Hossain, M., and Ahad, M. A. R. (2020). An ai-based visual aid with integrated reading assistant for the completely blind. IEEE Trans. Human-Machine Syst. 50, 507–517. doi:10.1109/THMS.2020.3027534
 Li, D., Zhang, Z., Chen, X., and Huang, K. (2018). A richly annotated pedestrian dataset for person retrieval in real surveillance scenarios. IEEE Trans. image Process. 28, 1575–1590. doi:10.1109/TIP.2018.2878349
 Lin, S., Cheng, R., Wang, K., and Yang, K. (2018). Visual localizer: Outdoor localization based on convnet descriptor and global optimization for visually impaired pedestrians. Sensors 18, 2476–2527. doi:10.3390/s18082476
 Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C. Y., et al. (2016). “SSD: Single shot multibox detector,” in Computer Vision—ECCV 2016. ECCV 2016. Lecture Notes in Computer Science ed . Editors B. Leibe, J. Matas, N. Sebe, and M. Welling (Cham: Springer) 9905, 21–37. doi:10.1007/978-3-319-46448-0_2
 Liu, X., Deng, Z., and Yang, Y. (2019). Recent progress in semantic image segmentation. Artif. Intell. Rev. 52, 1089–1106. doi:10.1007/s10462-018-9641-3
 Mabrouk, A. B., and Zagrouba, E. (2018). Abnormal behavior recognition for intelligent video surveillance systems: A review. Expert Syst. Appl. 91, 480–491. doi:10.1016/j.eswa.2017.09.029
 Mahalingam, T., and Subramoniam, M. (2018). A robust single and multiple moving object detection, tracking and classification. Appl. Comput. Inf. 17, 2–18. doi:10.1016/j.aci.2018.01.001
 Mancini, A., Frontoni, E., and Zingaretti, P. (2018). Mechatronic system to help visually impaired users during walking and running. IEEE Trans. Intelligent Transp. Syst. 19, 649–660. doi:10.1109/TITS.2017.2780621
 Ntakolia, C., Dimas, G., and Iakovidis, D. K. (2022). User-centered system design for assisted navigation of visually impaired individuals in outdoor cultural environments. Univ. Access Inf. Soc. 21, 249–274. doi:10.1007/s10209-020-00764-1
 NVIDIA (2020). TensorRT SDK (Computer software). Santa Clara, CA: NVIDIA DEVELOPER, NVIDIA Corporation. Available at: https://developer.nvidia.com/tensorrt (Accessed October 05, 2021). 
 Redmon, J., Divvala, S., Girshick, R., and Farhadi, A. (2016). “You only look once: Unified, real-time object detection,” in IEEE Conference on Computer Vision and Pattern Recognition (CVPR),  (Las Vegas, NV, June 27–30, 2016), 779–788. doi:10.1109/CVPR.2016.91
 Redmon, J., and Farhadi, A. (2018). YOLOv3: An incremental improvement. Computing Research Repository (CoRR) in arXiv, Cornell University. arXiv preprint. doi:10.48550/arXiv.1804.02767
 Sandler, M., Howard, A., Zhu, M., Zhmoginov, A., and Chen, L. (2018). “Mobilenetv2: Inverted residuals and linear bottlenecks,” in 2018 IEEE/CVF Conference on Computer Vision and Pattern Recognition,  (Salt Lake City, UT, June 18–23, 2018), 4510–4520. doi:10.1109/CVPR.2018.00474
 Sathyamoorthy, A. J., Patel, U., Savle, Y. A., Paul, M., and Manocha, D. (2020). COVID-Robot: Monitoring social distancing constraints in crowded scenarios. Computing Research Repository (CoRR) in arXiv, Cornell University. arXiv preprint. doi:10.48550/arXiv.2008.06585
 Shen, J., Yiwen, C., and Hideyuki, S. (2022). A wearable assistive device for blind pedestrians using real-time object detection and tactile presentation. Sensors 22 (12), 4537. doi:10.3390/s22124537
 Tapu, R., Mocanu, B., and Zaharia, T. (2017). A computer vision-based perception system for visually impaired. Multimed. Tools Appl. 11771, 11771–11807. doi:10.1007/s11042-016-3617-6
 Tapu, R., Mocanu, B., and Zaharia, T. (2018). Wearable assistive devices for visually impaired: A state of the art survey. Pattern Recognit. Lett. 137, 37–52. doi:10.1016/j.patrec.2018.10.031
 Valipoor, M. M., and de Antonio, A. (2022). Recent trends in computer vision-driven scene understanding for vi/blind users: A systematic mapping. Univ. Access Inf. Soc. ( Springer). Survey Papers. doi:10.1007/s10209-022-00868-w
 Wang, L., and Sng, D. (2015). Deep learning algorithms with applications to video analytics for A smart city: A survey. Computing Research Repository (CoRR) in arXiv, Cornell University. arXiv preprint. doi:10.48550/arXiv.1512.03131
 WHO Noncommunicable Diseases Team (2015). WHO global disability action plan 2014-2021: Better health for all people with disability. Washington, DC: World Health OrganizationISBN: 9789241509619. 
 WHO Noncommunicable Diseases Team (2019). World report on vision. Tech. rep. Washington, DC: World Health Organization. Available at: https://www.who.int/docs/default-source/documents/publications/world-vision-report-accessible.pdf (Accessed October 5, 2021). 
 Wu, D., Zheng, S.-J., Zhang, X.-P., Yuan, C.-A., Cheng, F., Zhao, Y., et al. (2019). Deep learning-based methods for person re-identification: A comprehensive review. Neurocomputing 337, 354–371. doi:10.1016/j.neucom.2019.01.079
 Xie, C., Wang, J., Zhang, Z., Zhou, Y., Xie, L., and Yuille, A. (2017). “Adversarial examples for semantic segmentation and object detection,” in Proceedings of the IEEE International Conference on Computer Vision,  (Venice, Italy, October 22–29, 2017), 1369–1378. doi:10.1109/ICCV.2017.153
 Xu, M., Wang, Z., Liu, X., Ma, L., and Shehzad, A. (2022). An efficient pedestrian detection for realtime surveillance systems based on modified yolov3. IEEE J. Radio Freq. Identif. 6, 972–976. doi:10.1109/JRFID.2022.3212907
 Yi, S., Li, H., and Wang, X. (2016). Pedestrian behavior modeling from stationary crowds with applications to intelligent surveillance. IEEE Trans. image Process. 25, 4354–4368. doi:10.1109/TIP.2016.2590322
 Zoph, B., Cubuk, E. D., Ghiasi, G., Lin, T.-Y., Shlens, J., and Le, Q. V. (2020). “Learning data augmentation strategies for object detection,” in Computer vision – ECCV 2020. ECCV 2020. Lecture notes in computer science ed . Editors A. Vedaldi, H. Bischof, T. Brox, and J. M. Frahm (Cham: Springer) 12372, 566–583. doi:10.1007/978-3-030-58583-9_34
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
The handling editor EOLC declared a shared affiliation with the author MRC at the time of review.
Copyright © 2023 Maya-Martínez, Argüelles-Cruz, Guzmán-Zavaleta and Ramírez-Cadena. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/frobt-10-1052509-g013.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Pedestrian detection model based on Tiny-Yolov3 architecture for wearable devices to visually impaired assistance		1 Introduction

		2 The Tiny YOLOV3 architecture

		3 Adaptation of Tiny YOLOv3 using transfer learning		3.1 The training loss function

		3.2 The anchor boxes for pedestrian detection

		3.3 Dataset augmentation





		4 Hardware selection: Devices for embedded AI applications

		5 Experimental results		5.1 Pretrained model as feature extractor

		5.2 Fine tuning process

		5.3 Detection results

		5.4 Inference process

		5.5 Power consumption measurement





		6 Discussion

		7 Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		References









OPS/images/frobt-10-1052509-g012.gif





OPS/images/frobt-10-1052509-t001.jpg
Operation Th Operation 2 Th2
‘ X Translation 06 (~60,60) Equalization 08 —
‘ Bbox Y Translation 02 (-75.75) Cutout 08 48
‘ Y Shear 1 (-25.25) BBox Y Translation 06 (-7575)
‘ Rotation 0.6 (=30,30) Saturation 1 (0.54,1.54)
‘ No Operation — — No Operation 0






OPS/images/frobt-10-1052509-g014.gif





OPS/images/frobt-10-1052509-g011.gif





OPS/images/frobt-10-1052509-g010.gif









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Robotics and Al





OPS/images/frobt-10-1052509-g005.gif





OPS/images/frobt-10-1052509-g006.gif
Picka sample S~ U[L5)
Pleka samgie p1 - U0.)
Plcka sampe p2 - U0.1]






OPS/images/frobt-10-1052509-g003.gif





OPS/images/frobt-10-1052509-g004.gif





OPS/images/frobt-10-1052509-g009.gif





OPS/images/frobt-10-1052509-g007.gif





OPS/images/frobt-10-1052509-g008.gif





OPS/images/math_2.gif
AdoU (bounding box,anchor box)





OPS/images/cover.jpg





OPS/images/math_1.gif
e EE i 5]
.»N..zz-‘[r -5+ (= ia)]
. z 5 (1050, 1080) Ay 100 (1 -3)] (1






OPS/images/frobt-10-1052509-g001.gif





OPS/images/frobt-10-1052509-t006.jpg
Tegra X1 RTX 2070S

Inference time (ms) Images/sec Inference time (ms) Images/sec

I T N S S N
IR T v I A S B





OPS/images/frobt-10-1052509-g002.gif





OPS/images/inline_1.gif
00





OPS/images/frobt-10-1052509-t007.jpg
References

Xuetal. (2022)

Khan et al. (2020)

Title of related work

An Efficient Pedestrian Detection for Realtime
Surveillance Systems based on  Modified
YOLOvV3

An Al-Based Visual Aid With Integrated
Reading Assistant for the Completely Blind

References keywords

YOLOV3, CNN, K-means - Pedestrian
detection, Shuffle unit video surveillance

Blind people, completely blind, electronic
navigation aid, Raspberry Pi, visual aid,

Strong relationship ~ Weak relationship

Tapueet al. (2017)

Shen etal. (2022)

A computer vision-based perception system
for visually impaired

visually impaired people, wearable system

Obstacle detection, BoVW/VLAD image -
representation, relevant interest points, A-

| HOG descriptor, visually impaired people

A Wearable Assistive Device for Blind

Pedestrians Using Real-Time Object Detection

and Tactile Presentation

Wearable  devices, object  detection,
SMA, tactile display, model compression,
assistance for visually -impaired people

TY, DL VI, WAD, PM
VI, WAD, IM TY, DL, GPU, PW
VI, WAD,IP, PD | v, L GPU PM
TY, VI, WAD, IP | D, GPU,PM






OPS/images/frobt-10-1052509-t003.jpg
mber anchor boxes P R F1score 0ODC AP
1 4 0.7060 ‘ 0.1854 0.2938 2041 0.1486

2 6 07282 | 01687 02740 1857 0.1386
Original 6 0.5330 ‘ 01584 02443 3273 0.1080

Results obtained with the experiments of step 3 (the best results obtained are shown in bold).





OPS/images/frobt-10-1052509-t002.jpg
GPU-cores and
TPU-cores

Storage
(GB)

Al performance

Camera

support

NVIDIA Jetson
AGXXavier
NVIDIA Jetson TX2
NVIDIA Jetson Nano

Bitmain Sophon Edge

Google Coral Dev Board

512/64

256

128

Edge TPU

GC7000 Lite
Google Edge TPU
coprocessor

Eight-core ARM
v8.2

Quad-core ARM
A57

Quad-core ARM
A57

Quad-core A53

Quad-core A53

32

32 GBeMMC 5.1

32 GBeMMC 5.1

16 GB eMMC 5.1

Flash

8

8eMMC

32TOPS

1.33 TFLOPs

472 GFLOPs

27TOPS (int8)

4TOPS (int8)

Yes up to 6 CSI

Yes up to 6 CSI

Yes up to 4 CSI

No, supports USB

Camera

No, supports HDMI
Camera






OPS/images/frobt-10-1052509-t005.jpg
i7 9700k ARM Cortex M53
Inference time (ms) Images/sec Inference time (ms) Images/sec

21 47 470 21

750 13 3000 033





OPS/images/frobt-10-1052509-t004.jpg
No. mber anchor boxes P R F1score 0oDC AP
3 4 0.612 02815 0.3856 3098 0.2026
+14% +71% +57% +77% +87%

8 6 0.6744 02628 0.3782 2892 02149
+25% +68% +55% +65% +99%

Original 6 0.533 0.1584 02443 1744 0.108

Improvement of the best models with respect to the original model (the best results obt






