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Abstract

:

From a biological point of view, alcohol human attentional impairment occurs before reaching a Blood Alcohol Content (BAC index) of 0.08% (0.05% under the Italian legislation), thus generating a significant impact on driving safety if the drinker subject is driving a car. Car drivers must keep a safe driving dynamic, having an unaltered physiological status while processing the surrounding information coming from the driving scenario (e.g., traffic signs, other vehicles and pedestrians). Specifically, the identification and tracking of pedestrians in the driving scene is a widely investigated problem in the scientific community. The authors propose a full, deep pipeline for the identification, monitoring and tracking of the salient pedestrians, combined with an intelligent electronic alcohol sensing system to properly assess the physiological status of the driver. More in detail, the authors propose an intelligent sensing system that makes a common air quality sensor selective to alcohol. A downstream Deep 1D Temporal Residual Convolutional Neural Network architecture will be able to learn specific embedded alcohol-dynamic features in the collected sensing data coming from the GHT25S air-quality sensor of STMicroelectronics. A parallel deep attention-augmented architecture identifies and tracks the salient pedestrians in the driving scenario. A risk assessment system evaluates the sobriety of the driver in case of the presence of salient pedestrians in the driving scene. The collected preliminary results confirmed the effectiveness of the proposed approach.
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1. Introduction


In automotive applications, there are significant interests in the development of innovative technologies to increase the level of safety. A wide variety of sensing devices that show a robust ability in monitoring the driver’s attentional status are being implemented in cars [1,2]. The issue of driving safety has been significantly explored by researchers in the scientific field. Automotive statistics clearly highlighted a significant number of road accidents involving pedestrians [1,2,3,4,5]. Among the aspects that most negatively affect driving safety, there is certainly a poor level of driver attention, both physiological and correlated to an altered state of alertness, often linked to alcohol abuse. For this reason, scientific research has contributed to the development of several innovative solutions that allow intelligent monitoring of the driver’s attention level associated with a correlated driving assistance (so-called Advanced Driver Association Systems (ADAS) solutions) [6,7,8,9,10,11]. More in detail, scientific research has largely investigated primarily the development of the hardware platform (sensors, microcontrollers, interconnection systems, etc.) capable of hosting the driver monitoring and driving assistance algorithms as well as supporting the complex computational processing of data (visual and numerical) deriving from the characterization of the automotive environment. Subsequently, the researchers focused their investigations on the development of efficient algorithms mostly based on artificial intelligence, which would allow for robust data processing with a consequent definition of an accurate near-real-time response [1,2,3,4,5,6,7,8,9,10,11,12]. Here are some details of the main development trends in the automotive field.



Such interesting solutions regarding the intelligent detection and analysis of the car driver heart rate dynamic through the PhotoPlethysmoGraphy (PPG) were investigated by the authors of the work herein exploited [3,4,5,6]. Further, Computer Vision-based solutions have been implemented by the authors and applied successfully in different automotive scenarios, specifically in the field of Advanced Driver Assisted Systems (ADAS) [7,8,9,10,11]. Anyway, the characterization of the driver’s level of attention can also be obtained by analyzing the breath of the subject driving [12]. As introduced, the car driver’s attentional status can be retrieved by an ad-hoc sober level assessment. As highlighted below, the subject’s drowsiness and sobriety level are closely correlated, as a high concentration of alcohol induces a proportional state of drowsiness [8,9,10,11,12,13].



To track the car driver’s sobriety and correlated drowsiness, an ad-hoc sensing framework has to be designed and implemented. Alcoholic levels above standard concentration limits (e.g., 0.08% g/mL in the USA or 0.05% in Italy’s legislation) can induce a state of dangerous drowsiness, affecting correlated body movements and reaction capabilities [8,9,10,11,12,13]. In this context, a strong boost to the scientific research development was given from the advent of strategic alliances made by car makers, industries, institutions and research bodies, with the common goal of developing robust and efficient solutions to reduce accidents due to alcohol abuse by those who start driving. In the context, it is worth mentioning the Driven Alcohol Detection System for Safety Alliance (DADSS) [13], which, among other research, has developed technical guidelines for the intelligent monitoring of the driver’s alcohol level/sobriety [13]. Clearly, a crucial role in this context is therefore played by the alcohol sensor, which must provide an accurate assessment of the driver-subject’s alcohol level in order to determine the subsequent actions to protect driving safety. For this reason, the authors introduce a brief description of the main sensing systems that can be used in these automotive application scenarios.



The first type of sensing device is the non-selective and general-purpose air-quality sensor, the so-called VOC (Volatile Organic Compounds) sensing devices. These inexpensive devices are activated in the presence of any volatile compound in the passenger compartment of the car, effectively producing a simple assessment of the air quality and certainly not of the driver’s alcohol level [13].



On the other hand, selective alcohol or ethanol sensors, although much more precise, are more expensive and therefore often incompatible with the development criteria in the automotive field [13]. To address the aforementioned problem, the authors have developed an algorithm based on Artificial Intelligence (AI) that is able to analyze the data sampled by a classic VOC sensor, identifying the specific features of the alcohol analyte from the embedded features to the acquired time series. In this way, by means of an AI-augmented low-cost sensing combination system, we are able to make a classic VOC sensor selective. We have tested our device for alcohol, but theoretically, it can be extended to any analyte.



As introduced, driving safety and road accidents involving pedestrians represent an important problem to address in the automotive field. For this reason, in addition to proposing an efficient and innovative solution for monitoring the sobriety (and related drowsiness) of the driver, the authors propose a contextual system of identification and tracking of the salient pedestrians in the driving scene. In this way, the full pipeline will be able to evaluate an overall level of risk correlated both to the state of attention and sobriety of the driver and to the level of riskiness of the driving scene, which may or may not include pedestrians and/or salient pedestrians. The concept of a “salient” pedestrian, which has a role in determining the level of risk (different from the concept of a pedestrian simply present in the driving scene but not directly involved in the risk assessment), will confirm to be an innovative imprinting for the proposed pipeline.



Specifically, we have correlated this intelligent sensing system to the issue of robust pedestrian tracking in the automotive field. As highlighted, driving scenarios that include pedestrians are particularly complex [11]. Several researchers are investigating the design of intelligent algorithms that explore the relationship between the driver’s attention level or sobriety to the presence of any pedestrians in the driving scene [10,14,15]. Pedestrian detection is a crucial task in the smart driving field. The main solutions are based on the analysis of visual information by exploiting complex deep neural networks. However, although image-based detection technology has made great progress in the last few years, some works suggest that multisensor fusion technology may improve the effect of pedestrian detection technology in practical applications [16]. In this context, the authors proposed a self-attention deep enhanced Mask RCNN (Region-based Convolutional Neural Network) network for the identification and tracking of the salient pedestrian in the driving scene guided by a sobriety monitoring system.



The use of a deep learning-based approach that monitors only the salient pedestrians (and not simply all the pedestrians embedded in the driving scene) associated with an intelligent system that selectively retrieves the level of sobriety (and therefore the correlated drowsiness) will allow a continuous monitoring of the driving risk level which, unlike the pipelines produced in the literature, will be both sustainable from a hardware point of view and efficient and accurate as confirmed by the performances reported in the “Experimental Results” section. For both of the introduced sub-systems, we briefly introduce the state of the art, and then we proceed reporting the implementation details of the proposed pipeline.




2. Related Works


Several researchers have investigated the development of such AI-based solutions for obtaining selective classical VOC sensors as well as investigated innovative materials to be used as a “sensing filter” for specific analytes, such as alcohol [17,18,19].



In [20], a novel technique using response characteristic curves was proposed. The data obtained from rise-time, peak-time and recovery-time were used as representatives for the characteristics of the response curves. The proposed system consisted of three semiconductor gas sensors. Even though the sensor was able to detect alcohol, it was not selective and also provided an output for other organic compounds, such as acetone, ammonia, etc. In [21], an optical gas sensor that requires low electrical power was designed. The proposed sensor was a Magnesium-tetraphenylporphyrin thin film device. The reported results are very promising. In [22], the authors implemented a surface-modified TiO2 nanoflower hybrid sensing device, incorporating Pd and rGO as a secondary material for surface enhancement. They tested the designed device for monitoring ethanol and methanol analytes, collecting very interesting performance results in terms of response magnitude towards methanol for the surface-modified nanostructures compared to its pristine counterpart. The synergistic effects of the noble metal catalyst Pd and 2D material rGO with pristine TiO2 nanoflower structure make these types of surface-modified binary composites as a potential alcohol sensor device. In [23], a sensor device embedding a low-cost light emitting diode (LEDs) array and a CMOS (Complementary metal–oxide–semiconductor) photodetector was proposed to analyze the color change in the sensing material. The sensing materials were tested with various common VOCs, such as alcohols, acetone, ammonia and water. Pattern recognition through the classical principal component analysis (PCA) was applied. The benchmark results showed promising performance but low ability to be selective to a single analyte. In [24], deep learning was used to perform a soft-sensing device for tracking alcohol analytes. Specifically, the authors proposed an artificial neural network single-layer perceptron (ANN-SLP) to process specific VOC datasets in order to determine multiple classifications of alcohol types. They obtained that the highest performers were the QCM3 sensor and QCM6 (QCM: quartz crystal microbalance—near 100% accuracy) in the sensing of different types of alcohol.



With the recent development of deep learning techniques, object detection has made great progress. In the context of intelligent driving, pedestrian detection has a crucial role, as it significantly affects drivers’ and pedestrians’ safety. Although a pedestrian detection task could be addressed as a general object detection problem, the specific task presents additional issues.



In general, there are two main approaches in deep learning-based detection: one-stage or two-stage detection. In the two-stage detection, first a number of region suggestion boxes are detected. Then, a predictor is applied on such regions. The one-stage detection aims to directly predict the detected object area, providing the final prediction result. Although the two-stage approach is more complex than the one-stage approach, it has better robustness and accuracy overall. Moreover, researchers can focus on the improvement of detection or prediction, providing benefits to the whole framework.



A significant step toward a real-time two-stage detector is represented by Faster RCNN [25].



The work in [26] proposed some improvements based on Faster RCNN and proposed a method named region-based fully convolutional networks (RFCN) [26], which improved the processing results of pedestrian detection in scenarios that are specifically sensitive to location information. Compared with Faster RCNN, the approach in [26] augments feature sharing, reducing redundancy in the architecture and improving its running speed. The RFCN [26] algorithm is mainly proposed for general object detection, and it can also achieve good results in specific pedestrian detection areas. In [27], the authors proposed a detector named Feature Pyramid Network (FPN) based on Faster RCNN. General purpose approaches place the detector after the extraction of a category-aware feature. Such an approach works well for general object detection. The work in [27] improved the pedestrian detection, proposing a top-down prediction structure based on high semantic information built on the whole convolution pipeline.



The Complexity Aware Cascade Training (CompACT) algorithm proposed in [28] optimizes classification and better combines feature extraction and a classifier function, which plays an important role in promoting pedestrian classification at different scales. The authors proposed the CompACT boosting algorithm for learning complexity-aware detector cascades, which are able to integrate multiple feature families, generalizing the two-stage detection approach. The CompACT algorithm shows high performances in the field of pedestrian detection, although it can be extended to other object detection tasks.



The Mask RCNN model proposed in [29] represents an improvement of Faster RCNN, which adds the extraction of a semantic segmentation mask. This improvement in the task of object detection caused a boosting effect also in the field of pedestrian detection. Indeed, this architecture allows the pedestrian segmentation and background separation, in addition to the basic detection of pedestrians [30].



The first one-stage deep-based detector named You Only Look Once (YOLO) has been presented in [31]. A single neural network is applied to the whole input, which is divided into regions. As a result, the detection speed is improved, and the region proposal is predicted jointly to detect probability. Most of the one-stage approaches are based on the YOLO detector and its improvements, thanks to their high computation speed. However, pedestrian detection methods mostly focus on the two-stage approach, given its higher accuracy rate in general.



Indeed, pedestrian detection adds specific requirements on accuracy and time performances, which is of high significance in the application of this specific task. In general, one-stage detection approaches represent a good choice if the main requirement is the computing time, while two-stage approaches show better prediction performances. Although some works suggest that one-stage detectors can improve their accuracy while keeping high speed [32], improving the detection rate and simultaneously maintaining the detection speed is currently a challenge.



Occlusion is a typical issue in pedestrian detection because people often move in crowds. This results into a significant limit of the application of current technology in smart driving.



The authors of [33] proposed a repulsive loss function named RepLoss to reduce the mutual influence between detected objects, with the aim to reduce the effect of occlusion in pedestrian detection. Although there have been attempts to improve the effect of pedestrian detection under occlusion [33,34], they involve an increase of computational costs and subsequent reduction of detection speed.



Another important issue related to the task of pedestrian detection is the presence of high-scale variability of the different pedestrians depicted in the scene. An example of attempt to address the multiscale problem in pedestrian detection is presented in [35], in which the authors proposed a method named Topology Localization and temporal feature aggregation (TLL), which integrates multiscale human body model information in the model. The use of deep models often involves high computational and storage requirements, which further limits the application on real-world scenarios. In addition, special real-world scenarios introduce additional problems (e.g., fog, rain, night, snow, etc.) that need to be addressed.



The detection and subsequent monitoring of pedestrians in the driving scene can help an automatic driver assistance system to validate instant by instant if the driving dynamics and the level of attention are compatible with the presence of pedestrians in the scene by combining the two sources of information. Many authors have investigated this relevant issue by analyzing the advantages inherent in the use of deep learning architectures [14,15]. In [14], the authors investigated such deep architectures to monitor and track the pedestrians. The performance was very promising. In [15], the authors proposed a solution named DeepParts, which can be trained on weakly labeled data, i.e., only pedestrian bounding-boxes without part annotations. DeepParts was confirmed as a good detector that can detect a pedestrian; extensive experiments confirmed that this approach outperformed the previous best method by 10%. In [36], the authors have used the YOLO framework for fast object detection combined with a MobileNet architecture for feature extraction and a set of algorithms to generate associations between frames, obtaining a performance of 93.2% in accuracy. In [37], the authors investigated the issue of vulnerable pedestrian detection, showing very interesting results applying such deep learning-based solutions. Anyway, most of the proposed solutions showed the issue to require more complex dynamics and data to be processed.




3. Methods and Materials


As introduced, the authors propose an advanced system that combines an alcohol selective soft-intelligent VOC sensor with a self-attention deep network for pedestrian tracking in a driving scene. An intelligent control panel provides a risk assessment for the pedestrian according to the detected sobriety related to the characterization of the tracked salient pedestrians. The following Figure 1 shows an overall scheme of the proposed pipeline:



As shown in Figure 1, the proposed pipeline is composed by two sub-systems: the Intelligent Soft-Sensing System and the Intelligent Pedestrian Tracking System. The output of both systems will be processed by an ad-hoc designed Intelligent Control Panel in order to retrieve a robust risk-assessment alert system.



3.1. The Intelligent Soft-Sensing System


The target of this system is to provide a robust assessment of the car driver’s alcohol-sobriety by using a classical VOC sensor with a downstream deep classifier. Specifically, we have designed a deep architecture that learns the embedded deep features of the car driver’s breath sampled through a prototype VOC sensor GHT25S developed by STMicroelectronics. As schematized in Figure 1, the GHT25S sensor will be hosted on the steering wheel base of the car at about 1 m from the driver subject. The collected car-driver breath data will be digitalized (ADC at 12-bit) and pre-processed by an automotive-grade microcontroller device (MCU) SPC58X Chorus, provided by STMicroelectronics [38]. The normalized data will be fed as an input to the deep architecture, which is ongoing to be ported to another higher performer and accelerated MCU, which is the STA1295 Accordo5, provided by STMicroelectronics [39]. The following Figure 2 reports a schematic of the so-designed sensing system.



More detail about the used sensing device are as follows. As introduced, gas sensors, such as a human sense organ like the nose, can capture atmospheric composition data, recognizing the presence of various types of gases and send this information in the form of an electrical pulse to the components that, like the human brain, can process them and return an output as required. In the scientific literature, one of the most studied gas sensors due to low cost and high sensitivity is the metaloxide resistive sensor (MOX). The used sensing devise GHT25S is a MOX sensor. In Figure 3, we report the overall internal schematic of the sensing device.



As reported in Figure 3, the GHT25S is a MOX sensor. On the base of the device, there is the substrate on which a specific integrated, dedicated MCU (ASIC) is hosted. The sensor is protected by a special metal cap provided to small holes to allow the continuous change of air to be analyzed in the internal small metal chamber. The operating temperature ranges from −40 °C to 85 °C (with +/− 0.6 °C). The technology of the embedded ASIC is HCMOS9A, 0.13 µm. The GHT25S sensor is a combination device, able to also detect humidity and temperature of the closed sensing scenario. The relative humidity (RH)ranges from 0 to 100% RH (+/− 3% RH). The sensing device shows a response time of <5 s, which is very close to automotive near-real-time requirements. Further details include: an operating heater power of 20 mW, Internal System resistance (Rs) from 1 kHom to 3 MHom and target sensing range from 0.5 to 100 ppm of TVOC equivalents. Finally, the GHT25S can be driven through an SPI (Serial Peripheral Interface) or I2C interface, and it needs a supply voltage of 1.7 to 3.6 V. Depending on the nature of the analyte (embedded in the driver breath) coming into contact with the GHT25S sensing layer, given the characteristics such as mass, temperature, humidity and electrical resistance of its particles, contact or absorption to the sensing layer produces a chemical reaction that generates a certain electrical impulse with the specific characteristics of frequency, current, voltage or impedance/conductance, enabling a specific biological signature of that analyte. The downstream post-processing system composed by the deep architecture will further process that car driver breath signature, trying to associate the extracted deep features with the type of the source analyte. The following Figure 4 shows the used GHT25S sensing device.



The proposed GHT25S sensor requires a minimal calibration as for all similar sensing devices [40,41,42]. In the following figures, we reported some instances of the sampled car driver breath data with the sensing device as per Figure 2, both in case of a sober subject and in case of a driver who drank. The data diagrams reported in Figure 5 show a time snapshot of the correlated sensing items, such as the ppm measurements, temperature (T), humidity (RH) and internal resistances (Rsense, Rair, RSC).



The above sensing data will be properly normalized and fed as an input of the deep residual network designed to extract embedded features to be associated with the type of the driver: Sober or Not Sober. More details about the implemented deep backbone are as follows.



We designed a Deep 1D Temporal Dilated Convolutional Neural Network (1D-CNN) suitable to classify the GHT25S normalized sensing patterns [31]. A temporal convolutional residual network that embeds a dilated causal convolution layer capable of acting on the temporal stages of each set of sensing data sequence [43,44,45] was implemented. The proposed 1D-CNN is composed of 24 residual blocks with a dilated convolution (3 × 3 kernel filters), followed by normalization, ReLU activation blocks and spatial dropout. The deep backbone includes a final softmax stage for data classification. For each of the blocks, there is a progressive increase in the dilation starting from 2 and increasing with a power of 2 until to 32. The output of the 1D-CNN is a binary assessment (0–0.5: Sober Driver; 0.51–1: Not Sober Driver) of the driver’s attentional level associated to the sampled breath sensing data. The described Deep Learning framework proved to be effective in assessing the driver’s level of sobriety with high precision and timing performance as shown by the results reported in the related section.




3.2. The Intelligent Pedestrian Tracking System


The authors investigated several interesting object detection and tracking architecture backbones to adapt to pedestrian tracking. However, we found it useful to implement an innovative network that included the recent self-attention context using Criss-Cross layers [45]. As schematized in Figure 1, an enhanced Mask-R-CNN architecture [29] embedding Self Attention is proposed. Mask-R-CNN is widely used in automotive applications [29]. The target of the implemented enhanced Mask-R-CNN is that it allows for the performance of a pixel-based segmentation of the input image representing the driving scene frame. Moreover, with this solution, we can generate the corresponding bounding-box that characterizes the Region of Interest (ROI) on which to perform post-processing.



As a feature generator backbone, we embedded a ResNet-101 [46]. The so-segmented road (ROI) will be fed as an input of the enhanced downstream classifier based on a further ResNet-101 backbone. This deep classifier embeds a Recurrent Criss-Cross Attention (RCCA) layer [46]. The attention mechanism based on the Criss-Cross algorithm was first proposed in [46], showing a very promising performance in computer vision tasks. Specifically, the proposed Criss-Cross attention module performs an innovative pixel-based contextual processing of the input image frame. More in detail, this algorithm leverages full frames embedding dependencies during the learning session of the deep network. Let us formalize the Criss-Cross algorithm. Given a local feature map H ∈ RC × W × H, where C is the original number of channels while W × H represents the spatial dimension of the generated feature map. The Criss-Cross layer applies two preliminary 1 × 1 convolutional processing to generate two feature maps F1 and F2, which belong to RC′ × W × H and in which C′ represents the reduced number of channels with respect to original C. The Affinity function is suitable to generate the Attention-Map AM ∈ R(H +W − 1) × (W × H). The Affinity operation can be defined as follows. For each position u in the spatial dimension of F1, a vector F1,u ∈ RC′ can be retrieved. Similarly, we define the set Ωu ∈ R(H + W − 1) × C′ by extracting feature vectors from F2 at the same position u, so that Ωi,u ∈ RC′ is the i-th element of Ωu. After these preliminary operations, we can define the introduced Affinity operation as follows:


   δ  i , u  A  =  F  1 , u    Ω  i , u  T   



(1)




where    δ  i , u  A  ∈ D   is the so-called Affinity function, i.e., the degree of mathematical relation between features F1,u and Ωi,u, for each i in the range [1, H + W − 1], and D ∈ R(H + W − 1) × (W × H). Finally, we apply a softmax layer on the space D to determine the attention map AM. Finally, another convolutional layer with a 1 × 1 kernel will be applied on the feature map H to generate the re-mapped feature θ ∈ RC × W × H to be used for spatial adaptation. At each position u in the spatial dimension of θ, we can define a vector θu ∈ RC and a set Φu ∈ R(H + W − 1) × C. The set Φu is a collection of feature vectors in θ having the same row or column with position u.



At the end, the desired pixel-based contextual information is retrieved through the Aggregation functional re-mapping, defined as follows:


   H u ′  =   ∑   i = 0   H + W − 1    A M  i , u    Φ  i , u   +  H u   



(2)




where    H u ′    is a feature vector in H′ ∈ RC × W × H at position u while    A M  i , u     is a scalar value at channel I and position u in the field AM. The so-defined contextual information    H u ′    is then added to the given local feature H to augment the pixel-wise representation and aggregating context information according to the spatial attention map AM. These feature representations achieve mutual gains and are more robust for semantic segmentation. Anyway, the Criss-Cross attention module is able to capture contextual information in horizontal and vertical directions, but the connections between the pixel’s neighborhood is not covered. To overcome this issue, the authors introduced a Recurrent Criss-Cross processing [33]. In the Recurrent Criss-Cross algorithm, each contextual operation can be unrolled into R loops. We defined R = 2 for our purpose as suggested by the authors [45]. We have embedded the so-described Criss-Cross layer (RCCA, i.e., Recurrent Criss-Cross Algorithm) to the latest residual block of the ResNet-101 backbone as shown in Figure 1.



More details on the reasons for which the authors preferred an architecture with Criss-Cross attention layers are as follows (thus confirmed by the scientific evidence obtained from the performed experimental tests):




	
The Mask-R-CNN embedding Criss-Cross path modules produce more discriminative visual features;



	
The so-designed enhanced attention-based network is a better performer with respect to the similar state-of-the-art solutions [45];



	
It is GPU memory-friendly (significantly reduces Floating point Operations per Second (FLOPs) by about 85%) compared with the other attenion modules, such as the non-local block (it requires on average 11 × less GPU memory usage) [29,45];



	
High computational efficiency.








Moreover, the main advantage of the proposed attention module is embedding in the usage of the contextual information. It is a common practice to aggregate contextual information to augment the feature representation in semantic segmentation or object detection deep architectures [45]. By means of the defined “Affinity” and “Aggregation” operators, we are able to collect contextual information in horizontal and vertical directions to enhance the pixel-wise representative capability and then the visual feature maps. In this way, we are able to perform a robust semantic segmentation of the detected and tracked objects (pedestrian in our case), as the pixel-based information is more accurate and discriminated with respect to the same and related to other pixel classes represented in the visual frames and features.



Through the contextual pixel-based information, we are able to train the deep architecture to efficiently detect domain-adapted objects, specifically, in our case, pedestrians in different scenarios while walking, by bike, on motorbike, etc. Moreover, ad-hoc training sessions that force segmentation of the only salient pedestrian subjects (i.e., the most important pedestrian from a driver visual point-of-view [8,9,10]), complete the innovative performance of the proposed pipeline, which will, therefore, be able to identify and segment salient pedestrians in different domain-adapted scenarios. The design of ad-hoc Mask-R-CNN architecture allowed us to obtain, in addition to the semantic segmentation, the bounding-box part of the segmented pedestrian also, which therefore also gives further spatial information related to the driving scene.



The following Figure 6 shows some instances of the tracked and segmented salient pedestrian. As introduced, the so-designed deep system has been trained to track only the salient pedestrians, leaving out those outside the salience scene, thus reducing the overall computational load of the pipeline. Furthermore, the so-enhanced Mask-R-CNN allows us to obtain the bounding-box of the pedestrian, which we will need to determine the distance from the driver’s car. Quite simply, the height and width of the segmentation bounding-box of each segmented pedestrian will be determined. Only bounding boxes that have at least one of the two dimensions greater than two heuristically fixed thresholds (L1 and L2, respectively, for length and width) will be considered relevant salient pedestrians, i.e., pedestrians that must be considered by the driver when choosing the driving dynamics. The other pedestrians will be considered non salient and, therefore, are not involved in the safety level assessment. This so-computed distance assessment will be used in the next block of the proposed pipeline.



As reported in Figure 6, the detected relevant pedestrian is thus classified since the bounding-box generated by the Mask-R-CNN network exceeds, in spatial-dimension, at least one of the L1 or L2 thresholds set for this pipeline. It is clear that this is a very close (spatially) pedestrian to the vehicle from which the visual perspective of the scene is supposed to be obtained. On the other hand, in Figure 6, a “not relevant” salient pedestrian is also identified since none of the dimensions of the bounding-box exceed the predetermined thresholds. In fact, this is a reasonably distant pedestrian and therefore not mainly involved in the risk assessment. Obviously, if the bounding-box dimension changes in subsequent time evolution (due to, for example, a vehicle or a pedestrian approaching), this pedestrian could be classified as relevant and therefore fall within the safety assessment described in the next section.



This architecture performed very well as we reached a test-set performance mIoU of 0.695 over a CamVid dataset, which is in line with the performance of other more complex architectures [29,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47].




3.3. The Intelligent Control Panel


In the scheme reported in Figure 1, a block called Intelligent Control Panel (ICP) is highlighted, which will analyze the outputs produced by each of the previously described pipelines, specifically, the assessment of the driver’s sobriety according to the “relevant salient” assessment of the detected and segmented pedestrians. In detail, the ICP will trigger an acoustic alert signal with different intensities according to the risk level if one of the following setups becomes true:




	
High-Risk Level (Alert-Signal with High intensity)








Detection of “Sober Driver” AND the Mask-R-CNN identifies such relevant salient pedestrians. Specifically, the high-risk condition is determined by the detection of a subject-driver who is not sober (has a blood alcohol level higher than the allowed threshold on which the sensor has been calibrated), associated with a driving scenario in which there are relevant pedestrians and, therefore, spatially in the salient risk area. Consequently, sound alarm alerts must be emitted by the proposed MCU systems described above in order to attract the driver’s attention. In the subsequent automation levels, in addition to the audible warning signal, the vibration of the car steering is also provided, and in the more advanced phases (not the subject of this work but under investigation of the authors), the progressive control of driving with autonomous actions taken by the embedding MCU’s algorithm, such as securing the vehicle and pedestrians in the driving scene.



	
Medium-Low Risk Level (No Alert)






Detection of “Not Sober Driver” AND/OR the Mask-R-CNN identifies such relevant salient pedestrians. Specifically, the driver is sober, but in the driving scene, there are relevant pedestrians, and therefore, an average attention is needed on the part of the driver who, even if sober, must pay attention to the tracked relevant pedestrians in the driving scene. No further automation and control mechanism is envisaged in the pipeline proposed here.



The acoustic signal system is managed by the STA1295A Accordo5 Audio sub-system, which hosts the ICP software implementation [38,39].





4. Experimental Results


Each of the implemented sub-systems have been validated. Regarding the Intelligent Soft-Sensing System—we have tested the designed pipeline as follows. We have used an ad-hoc dataset with about 9000 detections made by using the VOC GHT25S sensor emulating a driving scenario as schematized in Figure 2. The sensing device was calibrated on such internals of a car and for two different subjects, representing the possible car drivers—one male and the other female. For different subjects, the sensing system had to be calibrated by performing breath data sampling to be used in the downstream 1D-CNN deep network fine tuning. For each measurement session, the recruited driver performed 5 min of sensor acquisition, spaced approximately 1 m both in a scenario where he/she had drunk enough alcohol to exceed the allowed BAC and in scenarios where no substance containing alcohol was ingested in the past 3 h.



Some details on the sampling test dataset setup are as follows. We equipped a steering wheel with the sensor described in this paper. Simultaneously, we emulated driving scenes with public datasets (such as CamVid, DH1FK, etc.) in a monitor in front of the driver. In the following Figure 7, our steering was equipped with the GHT25S sensor together with the MCU system based on STA1295 Accordo5.



We acquired the data with the subject-driver sitting in front of the sensing-enhanced steering wheel, both in a sober condition and not.



The so-recruited dataset has been split as follows: 70% for training while remaining and 30% for testing and validation. A k-fold (k = 3) cross-validation has been applied to reduce the over-fitting issue.



We performed our simulation on an Intel multicore server with NVIDIA GPU RTX 2080 with 8 GB of video memory. We tested several further deep architectures to perform a robust benchmarking with respect to our proposed solution.



We checked a classical machine learning pipeline with a fully connected multi-layer network (FCN) (hidden layer with 50 neurons), embedding a leakyRelu actiavtion batch normalization layer as well as an LSTM vanilla-based solution with 200 hidden cells. For the deep architecture, we applied a classical SGD learning algorithm, initial learning rate of 0.01, L2 regularization and adams optimization. Moreover, we checked a Support Vector Machine (SVM) approach for classifying the sensing input data. As input data, we used the normalized data coming from the sampling session mentioned in the previous section, specifically: ppm, temperature, Rsense, humidity and Rair for each car driver breath-sensing acquiring session. The following Table 1 reports the experimental benchmark results for the tested intelligent approaches, best results are highlighted in bold.



After that, we tested the Intelligent Pedestrian Tracking system on CamVid, retrieving a promising test set performance mIoU of 0.695, which is comparable with similar deep architectures [29,47] as reported in the following Table 2.




5. Conclusions and Future Works


The authors proposed an intelligent combination system able to perform a very fast discrimination of the driver’s sobriety in a challenging automotive scenario, i.e., the ones embedding pedestrians. The proposed method requires the car to embed a sustainable VOC sensor (we tested GHT25S) suitable to monitor the car subject’s breath while driving. For this purpose, an ad-hoc GHT25S-based bio-sensing system has been implemented and embedded in the car steering. The validations carried out confirmed that a VOC data buffering of 50/60 s are enough to allow the correct discrimination of the driver’s sobriety, considering this temporal buffering, starting from the moment in which the effect of the ingested alcohol is evident in the organic compounds embedded in the breath of the subject driving. The parallel proposed intelligent pedestrian tracking systems show very promising results. The accuracy of the full system reached high levels due to the innovative intelligent approach applied to post-processing of the breath-sensing data coming from the driver. The whole pipeline is ongoing to be ported over the STA1295A Dual-Core ARM A7 ACCORDO 5 plus SPC58x MCUs platform, provided by STMicroelectronics and in which a custom YOCTO Linux embedded operating framework is running. This system is equipped with a 3D accelerated graphics core [38,39]. The proposed sensing system was calibrated to selectively recognize the presence of alcohol in the driver’s breath. In fact, the downstream deep architectures have been trained on the data of the driver; therefore, there is a certain selectivity also correlated to the data relating to the breath of the subject on which the system has been trained. Currently, in our tests, only the driver can enable an alcohol detection due to the relative proximity to the sensor, while the other subjects in the car were not able to activate the sensor although they had drunk alcoholic substances even at significant concentrations. Our tests were performed by emulating the passenger compartment of the car and putting the sober driver and a close subject who had been drinking alcohol. However, if the passenger compartment of the vehicle becomes saturated with alcohol (or in the absence of ventilation in the passenger compartment) due to the presence of several subjects who have drunk quantities exceeding the permitted thresholds (sensor calibration), the designed sensing system could equally raise an alcohol alert, as the whole environment would be saturated with alcohol in the air. On this item, we are working on an algorithm, which, besides recognizing the presence of alcohol selectively, is also able to robustly recognize a sort of “breath fingerprint” of the driver to uniquely calibrate the sensing system. Studies are underway using the recent transformer-based architectures [40].



This study reports preliminary results of the implemented pipeline for a car driver breath-based alcohol sensing system through a simple VOC sensor. Further investigations are needed to improve the dataset, the testing conditions, etc. Future works aim to extend the proposed pipeline to a large dataset in the aim of a clinical study in which the embedding features of alcohol in the breath can be deeply analyzed.







Author Contributions


Conceptualization, F.R. and S.C.; methodology, F.R., I.A. and M.G.A.; software, I.A. and M.G.A.; validation, F.R., I.A. and M.G.A.; formal analysis, F.R., I.A. and M.G.A.; investigation, F.R., I.A. and M.G.A.; data curation, F.R., I.A. and M.G.A.; writing—original draft preparation F.R., I.A. and M.G.A.; writing—review and editing, F.R., A.O. and S.B.; supervision, F.R., A.M. and S.C.; project administration, A.M. and S.B.; funding acquisition, A.M. and S.B. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the project SATURN - Smart mAnufacTURiNg - MISE PON Fabbrica Intelligente.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Data sharing not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Trenta, F.; Conoci, S.; Rundo, F.; Battiato, S. Advanced Motion-Tracking System with Multi-Layers Deep Learning Framework for Innovative Car-Driver Drowsiness Monitoring. In Proceedings of the 2019 14th IEEE International Conference on Automatic Face & Gesture Recognition (FG 2019), Lille, France, 14–18 May 2019; pp. 1–5. [Google Scholar] [CrossRef]

	



Shin, H.-S.; Jung, S.-J.; Kim, J.-J.; Chung, W.-Y. Real time car driver’s condition monitoring system. In Proceedings of the SENSORS, 2010 IEEE, Waikoloa, HI, USA, 1–4 November 2010; pp. 951–954. [Google Scholar]

	



Rundo, F.; Petralia, S.; Fallica, G.; Conoci, S. A Nonlinear Pattern Recognition Pipeline for PPG/ECG Medical Assessments. In Sens. CNS 2018; Andò, B., Baldini, F., Di Natale, C., Ferrari, V., Marletta, V., Marrazza, G., Militello, V., Miolo, G., Rossi, M., Eds.; Lecture Notes in Electrical Engineering; Springer: Cham, Switzerland, 2019; Volume 539. [Google Scholar] [CrossRef]

	



Rundo, F.; Spampinato, C.; Conoci, S. Ad-Hoc Shallow Neural Network to Learn Hyper Filtered PhotoPlethysmoGraphic (PPG) Signal for Efficient Car-Driver Drowsiness Monitoring. Electronics 2019, 8, 890. [Google Scholar] [CrossRef]

	



Vinciguerra, V.; Ambra, E.; Maddiona, L.; Oliveri, S.; Romeo, M.F.; Mazzillo, M.; Rundo, F.; Fallica, G. Progresses towards a processing pipeline in photoplethysmogram (PPG) based on SiPMs. In Proceedings of the 2017 European Conference on Circuit Theory and Design (ECCTD), Catania, Italy, 4–6 September 2017; pp. 1–5. [Google Scholar] [CrossRef]

	



Allen, J. Photoplethysmograpy and its application in clinical physiologic measurement. Physiol. Meas. 2007, 28, R1. [Google Scholar] [CrossRef] [PubMed]

	



Rundo, F.; Leotta, R.; Piuri, V.; Genovese, A.; Scotti, F.; Battiato, S. Intelligent Road Surface Deep Embedded Classifier for an Efficient Physio-Based Car Driver Assistance. In Proceedings of the 2021 IEEE International Conference on Autonomous Systems (ICAS), Montreal, QC, Canada, 11–13 August 2021; pp. 1–5. [Google Scholar] [CrossRef]

	



Abukmeil, M.; Genovese, A.; Piuri, V.; Rundo, F.; Scotti, F. Towards Explainable Semantic Segmentation for Autonomous Driving Systems by Multi-Scale Variational Attention. In Proceedings of the 2021 IEEE International Conference on Autonomous Systems (ICAS), Montreal, QC, Canada, 11–13 August 2021; pp. 1–5. [Google Scholar] [CrossRef]

	



Rundo, F.; Leotta, R.; Battiato, S. Real-Time Deep Neuro-Vision Embedded Processing System for Saliency-based Car Driving Safety Monitoring. In Proceedings of the 2021 4th International Conference on Circuits, Systems and Simulation (ICCSS), Kuala Lumpur, Malaysia, 26–28 May 2021; pp. 218–224. [Google Scholar] [CrossRef]

	



Igasaki, T.; Nagasawa, K.; Murayama, N.; Hu, Z. Drowsiness estimation under driving environment by heart rate variability and/or breathing rate variability with logistic regression analysis. In Proceedings of the 2015 8th International Conference on Biomedical Engineering and Informatics (BMEI), Shenyang, China, 14–16 October 2015. [Google Scholar]

	



Cai, Y.; Liu, Z.; Wang, H.; Sun, X. Saliency-Based Pedestrian Detection in Far Infrared Images. IEEE Access 2017, 5, 5013–5019. [Google Scholar] [CrossRef]

	



Liu, Y.C.; Ho, C.H. The effects of different breath alcohol concentration and post alcohol upon driver’s driving performance. In Proceedings of the 2007 IEEE International Conference on Industrial Engineering and Engineering Management, Singapore, 2–4 December 2007; pp. 505–509. [Google Scholar] [CrossRef]

	



Driver Alcohol Detection System for Safety. Available online: https://www.dadss.org/ (accessed on 30 November 2021).

	



Jeon, H.; Nguyen, V.D.; Jeon, J.W. Pedestrian Detection Based on Deep Learning. In Proceedings of the IECON 2019—45th Annual Conference of the IEEE Industrial Electronics Society, Lisbon, Portugal, 14–17 October 2019; pp. 144–151. [Google Scholar] [CrossRef]

	



Tian, Y.; Luo, P.; Wang, X.; Tang, X. Deep Learning Strong Parts for Pedestrian Detection. In Proceedings of the 2015 IEEE International Conference on Computer Vision (ICCV), Santiago, Chile, 7–13 December 2015; pp. 1904–1912. [Google Scholar] [CrossRef]

	



Tian, D.; Han, Y.; Wang, B.; Guan, T.; Wei, W. A review of intelligent driving pedestrian detection based on deep learning. Comput. Intell. Neurosci. 2021, 2021, 5410049. [Google Scholar] [CrossRef] [PubMed]

	



Acharyya, S.; Nag, S.; Guha, P.K. Selective Detection of VOCs With WO3 Nanoplates-Based Single Chemiresistive Sensor Device Using Machine Learning Algorithms. IEEE Sens. J. 2021, 21, 5771–5778. [Google Scholar] [CrossRef]

	



Tayebi, N.; Su, X. Sensitive and selective gas/VOC detection using MOS sensor array for wearable and mobile applications. In Proceedings of the 2017 ISOCS/IEEE International Symposium on Olfaction and Electronic Nose (ISOEN), Montreal, QC, Canada, 28–31 May 2017; pp. 1–3. [Google Scholar] [CrossRef]

	



Bernstein, J.P.; Mendez, B.J.; Sun, P.; Liu, Y.; Shang, Y. Using deep learning for alcohol consumption recognition. In Proceedings of the 2017 14th IEEE Annual Consumer Communications & Networking Conference (CCNC), Las Vegas, NV, USA, 8–11 January 2017; pp. 1020–1021. [Google Scholar] [CrossRef]

	



Sriyudthsak, M.; Lertnimitthum, N.; Nakpeerayuth, S. Novel technique using response characteristics to identify volatile organic compounds. In Proceedings of the International Solid State Sensors and Actuators Conference (Transducers ’97), Chicago, IL, USA, 19 June 1997; Volume 2, pp. 967–970. [Google Scholar] [CrossRef]

	



Mensing, J.; Kladsomboon, S.; Kerdcharoen, T. Optical gas sensor based on MgTPP thin film for the detection of alcohol vapors. In Proceedings of the 2008 5th International Conference on Electrical Engineering/Electronics, Computer, Telecommunications and Information Technology, Krabi, Thailand, 14–17 May 2008; pp. 849–852. [Google Scholar] [CrossRef]

	



Maity, I.; Bhattacharyya, P. Potentiallity of Surface Modified TiO2 Nanoflowers for Alcohol Sensing Application. In Proceedings of the 2019 2nd International Symposium on Devices, Circuits and Systems (ISDCS), Higashi-Hiroshima, Japan, 6–8 March 2019; pp. 1–4. [Google Scholar] [CrossRef]

	



Eambaipreuk, A.; Kladsomboon, S.; Kerdcharoen, T. Breath monitoring based on the optical electronic nose system. In Proceedings of the The 4th 2011 Biomedical Engineering International Conference, Chiang Mai, Thailand, 29–31 January 2012; pp. 63–66. [Google Scholar] [CrossRef]

	



Wibowo, F.W.; Wihayati, W. Multi-classification of Alcohols using Quartz Crystal Microbalance Sensors based-on Artificial Neural Network Single Layer Perceptron. In Proceedings of the 2021 International Conference on Artificial Intelligence and Computer Science Technology (ICAICST), Yogyakarta, Indonesia, 29–30 June 2021; pp. 37–41. [Google Scholar] [CrossRef]

	



Ren, S.; He, K.; Girshick, R.; Sun, J. Faster R-CNN: Towards real-time object detection with region proposal networks. IEEE Trans. Pattern Anal. Mach. Intell. 2017, 39, 1137–1149. [Google Scholar] [CrossRef] [PubMed]

	



Dai, J.; Li, Y.; He, K.; Sun, J. Object detection via region-based fully convolutional networks. Adv. Neural Inf. Processing Syst. 2016, 29, 379–387. [Google Scholar]

	



Lin, T.-Y.; Dollar, P.; Girshick, R.B.; He, K.; Hariharan, B.; Belongie, S. Feature pyramid networks for object detection. In Proceedings of the 30th IEEE/CVF Conference On Computer Vision And Pattern Recognition (CVPR), Honolulu, HI, USA, 21–26 July 2017; p. 4. [Google Scholar]

	



Cai, Z.; Saberianet, M.; Vasconcelosa, N. Learning complexity-aware cascades for deep pedestrian detection. In Proceedings of the 2015 IEEE International Conference on Computer Vision, Santiago, Chile, 7–13 December 2015; pp. 3361–3369. [Google Scholar]

	



He, K.; Gkioxari, G.; Dollar, P.; Girshick, R. Mask R-CNN. In Proceedings of the 2017 IEEE International Conference on Computer Vision (ICCV), Venice, Italy, 22–29 October 2017; pp. 2980–2988. [Google Scholar] [CrossRef]

	



Malbog, M.A. MASK R-CNN for Pedestrian Crosswalk Detection and Instance Segmentation. In Proceedings of the 2019 IEEE 6th International Conference on Engineering Technologies and Applied Sciences (ICETAS), Kuala Lumpur, Malaysia, 20–21 December 2019. [Google Scholar]

	



Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You only look once: Unified, real-time object detection. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 779–788. [Google Scholar]

	



Liu, W.; Liao, S.; Hu, W.; Liang, X.; Chen, X. Learning efficient single-stage pedestrian detectors by asymptotic localization fitting. In Proceedings of the European Conference on Computer Vision (ECCV), Munich, Germany, 8–14 September 2018; pp. 618–634. [Google Scholar]

	



Wang, X.; Xiao, T.; Jiang, Y.; Shao, S.; Sun, J.; Shen, C. Repulsion loss: Detecting pedestrians in a crowd. In Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 7774–7783. [Google Scholar]

	



Zhou, C. Learning to integrate occlusion-specific detectors for heavily occluded pedestrian detection. In Proceedings of the Asian Conference On Computer Vision, Taipei, Taiwan, 20–24 November 2016; pp. 305–320. [Google Scholar]

	



Song, T.; Sun, L.; Xie, D. Small-scale pedestrian detection based on somatic topology localization and temporal feature aggregation. In Proceedings of the 15th European Conference on Computer Vision, Munich, Germany, 8–14 September 2018; pp. 554–569. [Google Scholar]

	



Bhola, G.; Kathuria, A.; Kumar, D.; Das, C. Real-time Pedestrian Tracking based on Deep Features. In Proceedings of the 2020 4th International Conference on Intelligent Computing and Control Systems (ICICCS), Madurai, India, 13–15 May 2020; pp. 1101–1106. [Google Scholar] [CrossRef]

	



Song, H.; Choi, I.K.; Ko, M.S.; Bae, J.; Kwak, S.; Yoo, J. Vulnerable pedestrian detection and tracking using deep learning. In Proceedings of the 2018 International Conference on Electronics, Information, and Communication (ICEIC), Honolulu, HI, USA, 24–27 January 2018; pp. 1–2. [Google Scholar] [CrossRef]

	



STMicroelectronics SPC58 C Line MCUs Documentation. Available online: https://www.st.com/en/automotive-microcontrollers/spc58-c-line-mcus.html (accessed on 30 November 2021).

	



Automotive Infotainment Processors for Display Audio and Cluster Applications. Available online: https://www.st.com/en/automotive-infotainment-and-telematics/sta1295.html (accessed on 30 November 2021).

	



Kim, S.; Sung, H.; Kim, S.; Je, M.; Kim, J.-H. ML-Based Humidity and Temperature Calibration System for Heterogeneous MOx Sensor Array in ppm-Level BTEX Monitoring. In Proceedings of the 2021 IEEE International Symposium on Circuits and Systems (ISCAS), Daegu, Korea, 22–28 May 2021; pp. 1–5. [Google Scholar] [CrossRef]

	



Wolfrum, E.J.; Meglen, R.M.; Peterson, D.; Sluiter, J. Calibration Transfer Among Sensor Arrays Designed for Monitoring Volatile Organic Compounds in Indoor Air Quality. IEEE Sens. J. 2006, 6, 1638–1643. [Google Scholar] [CrossRef]

	



Deng, Y.; Chen, C.; Tsow, F.; Xian, X.; Forzani, E. Unraveling fabrication and calibration of wearable gas monitor for use under free-living conditions. In Proceedings of the 2016 38th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Orlando, FL, USA, 16–20 August 2016; pp. 4897–4900. [Google Scholar] [CrossRef]

	



Rundo, F.; Spampinato, C.; Battiato, S.; Trenta, F.; Conoci, S. Advanced 1D Temporal Deep Dilated Convolutional Embedded Perceptual System for Fast Car-Driver Drowsiness Monitoring. In Proceedings of the 2020 AEIT International Conference of Electrical and Electronic Technologies for Automotive (AEIT AUTOMOTIVE), Turin, Italy, 18–20 November 2020; pp. 1–6. [Google Scholar] [CrossRef]

	



Bai, S.; Kolter, J.Z.; Koltun, V. An Empirical Evaluation of Generic Convolutional and Recurrent Networks for Sequence Modeling. arXiv 2018, arXiv:1803.01271. Available online: https://arxiv.org/abs/1803.01271 (accessed on 15 January 2022).

	



Huang, Z.; Wang, X.; Huang, L.; Huang, C.; Wei, Y.; Liu, W. CCNet: Criss-Cross Attention for Semantic Segmentation. In Proceedings of the 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, Korea, 27–28 October 2019; pp. 603–612. [Google Scholar] [CrossRef]

	



Kaiming, H.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 26 June–1 July 2016; pp. 770–778. [Google Scholar]

	



He, K.; Gkioxari, G.; Dollár, P.; Girshick, R. Mask R-CNN. IEEE Trans. Pattern Anal. Mach. Intell. 2020, 42, 386–397. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 22 00674 g001 550] 





Figure 1. The proposed intelligent car driver assisting pipeline. 
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Figure 2. Schematic overview of the proposed GHT25S-based sensing system. 
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Figure 3. Schematic internal overview of the GHT25S sensing device. 
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Figure 4. An overview of the GHT25S sensor: (a) frontal view; (b) side view. 
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Figure 5. GHT25S car driver breath sampling data diagram: (a) sober driver; (b) driver who drank alcohol. 
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Figure 6. Some instances of the driving scene frames overlaid with segmented salient pedestrians in different configurations (on foot, by bicycle, etc.). In red are the predicted bounding-boxes and related relevant/not relevant pedestrian assessment. 
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Figure 7. The testing setup of the proposed sensing system. 






Figure 7. The testing setup of the proposed sensing system.



[image: Sensors 22 00674 g007]







[image: Table] 





Table 1. Car driver alcohol detection by soft-sensing system: experimental results.
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	Model
	Accuracy
	Sensitivity
	Specificity





	1D-CNN
	0.9823
	0.9811
	0.9839



	FCN
	0.9775
	0.9802
	0.9755



	SVM
	0.9500
	0.9800
	0.9700



	LSTM
	0.8952
	0.8905
	0.9001
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Table 2. Intelligent pedestrian tracking system: experimental results (CamVid dataset).
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	Method
	Intelligent Pedestrian Tracking System mIoU





	Proposed
	69.50%



	Faster-R-CNN

(ResNet-50 backbone)
	53.95%



	Mask-R-CNN with ResNet-101 backbone w/o Criss-Cross RCCA
	63.96%
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