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1. Executive summary 
In this document, we present the final specifications of the Smart House interface (Web of Things Gateway) 

system and its components, as well as the version of the Smart Cabinet that will be used during the final 

demonstration of the project.  

As proposed during the last review meeting, we were planning to create a sub-system for trajectory inference 

inside the Smart House in order to provide feedback from user’s behavior to the Smart House.  Following 

these suggestions, here, also this novel indoor trajectory prediction system based on video footage is 

presented that UPM has been developed. (This is done in this deliverable, because there is no other suitable 

deliverable planned for presenting this novel development.) 

Due to Corona lockdown we had to move testing of this sub-system to another environment outside UPM’s 

Smart Living Lab. Thus, all tests that are presented in this deliverable were performed in a real home 

simulating a smart home. The information about this development is presented in section 4.  



2. Smart cabinet 
The IoT device “Smart Cabinet” (see also 2nd Periodic Technical Report) will be integrated to the Smart House 

environment and, using real time communication with the B-PRIME or the reach cage, it will reproduce the 

different combinations of targets the monkey executes in either setting. The Smart Cabinet is basically an 

extrapolation into a furniture/device that could be found at home, intended to show the practical effects of 

neural predictions and proactivity in an ambient assisting environment. 

For the sake of visualization, this device will dispense different condiments (spices, oil, vinegar, mayonnaise, 

etc.) grouped in 2 categories (solid and fluid), which will be contained in different compartments, all of them 

accessible through a gate that is enabled according to the decoded chain of commands. 

 

2.1. Smart Cabinet Design 
The design of the Smart Cabinet is modular to enable its replication with 3D printing technology and also to 

scale up the combination tree in order to comply with the final demonstrator of this project. 

It consists of three concentric modules: Outer shell, inner sleeve and compartment barrel. The outer shell 

(red shell in Figure 1) composed of two halves is linked by a transition ring (blue part). Inside this shell is the 

inner sleeve (green), whose function is to provide access to each compartment from the compartment barrel 

(yellow pieces). The inner sleeve and the compartments are rotating pieces attached to two servomotors, 

which are in charge of positioning them accordingly when a command comes in.  

This design was developed for being constructed in 3D printing using the Ultimaker® 3-Extended printer1 

(Dual printing nozzle and 215x215x300 mm printing volume). Electronics and wiring are allocated below this 

in a hollow case that acts as a base. 

 

                                                           
1 Ultimaker 3 – 3D printer, https://www.3dv.com/ultimaker-3-extended-Fall-Bundle , last access June 2020 

Figure 1. Smart Cabinet design and assembly 

https://www.3dv.com/ultimaker-3-extended-Fall-Bundle


2.2. Electronics and hardware components  
The following electronic components are used to control the Smart Cabinet (see table below). 

Arduino MKR 1010 Wifi2:  based on the 
SAMD21 microcontroller. 
Microcontroller:           SAMD21 
Cortex®-M0+ 32bit low power:     ARM MCU 
Radio module:                   u-blox NINA-W102  
Board Power Supply (USB/VIN):                5V 
Secure Element:        ATECC508  
Digital I/O Pins:                        8 
Analog Input Pins:                        7  
CPU Flash Memory:              256 KB 
(internal) 
SRAM:                                           32 KB 
EEPROM:                                                no 
Clock Speed:       32.768 kHz (RTC), 48 MHz 

 

Servomotores MG996R3 (x2) 

Voltage:                     4.8v / 6v 
Speed:            0.20sec/60deg(4.8v)                        
Torque:      9.4kg.cm (4.8v) - 11kg.cm (6v) 
Gear Material:                                     Metal 
Gear Type:                                           Digital 
Motor:                                            Brushless 
 

 

 

DC to DC converter module (4-35V // 1.23-
30V) 
Input voltage:                                             4-35V 
Output voltage:               1.23-30V(Adjustable) 
Output current: Rated current is 2A,    
maximum 3A (Additional heatsink is 
required) 
Dimension:                    48*23*14mm(L*W*H) 

 

DC 6-24 V // 5V USB converter  
Input voltage:                                       DC 6-24V 
Output voltage:                                     5.1-5.2V 
Output current:                                     3A MAX  
Conversion efficiency: can up to 97.5% (6.5V 
step down to 5V 0.7A) (after short reverse 
protection and fuses test value) 
Switch frequency:                                 500KHz 

 

 

                                                           
2 Arduino MKR 1010 WiFi, https://create.arduino.cc/projecthub/products/arduino-mkr-wifi-1010 , last access June 2020 
3 Servomotores MG996R, http://magicduino.com/Images/ItemsMedia/File/7203.pdf , last access June 2020 

https://create.arduino.cc/projecthub/products/arduino-mkr-wifi-1010
http://magicduino.com/Images/ItemsMedia/File/7203.pdf


2.3. Smart Cabinet usage and commands  
The Smart Cabinet is an IoT device and, as such, it communicates with the Living Lab Gateway via an HTTP 

protocol.  Initially, the Smart cabinet will obtain an IP address, which will be used as part of the endpoint for 

requests. Each request must carry an instruction or command indicating which component (sleeve or barrel) 

is to be moved and to which position, or to determine a pre-defined sequence that yields the desire position 

of the inner barrel and outer sleeve to make a compartment accessible for the user. The inner barrel and the 

sleeve are attached to one servomotor each and can move into 3 positions: 0º-90º-180º. In the following 

some example commands are shown: 

Command Effect 

R Sets barrel servo and Sleeve servo to initial position= barrel 90º and sleeve 
0º (gates closed) 

S1 Sets barrel servo and Sleeve servo to into showing compartment 1= barrel 
0º and sleeve 90º  

S2 Sets barrel servo and Sleeve servo to into showing compartment 2= barrel 
0º and sleeve 180º 

S3 Sets barrel servo and Sleeve servo to into showing compartment 3= barrel 
180º and sleeve 90º 

S4 Sets barrel servo and Sleeve servo to into showing compartment 4= barrel 
180º and sleeve 180º 

B1 Only moves barrel to position 90º 

B2 Only moves barrel to position 180º 

C1 Only moves sleeve to position 90º 

C2 Only moves sleeve to position 180º 

 

For addressing the particular use case of mapping monkey experiments executed at the DPZ labs, the Smart 

Cabinet is able to collect incoming commands in a queue and release commands using a FIFO paradigm, 

following the order in which commands have arrived.  The Smart Cabinet supports command reception every 

few milliseconds, substantially faster than monkey trial execution, to avoid losing any commands during 

communication and execution. 

Smart Cabinet Access: in order to deliver a request for an instruction, an HTTP GET request form (for direct 

communication, no security) should be issued as GET: http:// <SC_IP>:8080/command. A response should 

be obtained indicating the Smart Cabinet status, including the amount of queued commands.  

As explained in section 3, the Smart Cabinet is also integrated to the Smart House list of devices that can be 

found by the Smart House Living lab Gateway, which also provides security and authentication layers. The 

form of the HTTPS command will also be explained in section 3. 

 

2.4. Libraries and modules   
For fast prototyping purposes, Arduino hardware was implemented for command reception and execution, 

as well as for servomotor control. Arduino IDE and standard libraries were used in order to implement WIFI 

connection, HTTP protocols, servo drivers, and command queue. The following libraries are used: 

 



WIFININA 

This library can serve as either a server accepting incoming and outgoing connection, supporting 

WEP, WPA2 Personal, and WPA2 Enterprise encryptions. This library supports the same methods of the 

original WiFi library plus connectSSL(). 

SERVO 

This library allows an Arduino board to control RC servo motors. The Servo library supports up to 12 motors 

on most Arduino boards and 48 on the Arduino Mega. On boards other than the Mega, use of the library 

disables analogWrite() (PWM) functionality on pins 9 and 10, depending on whether or not there is a Servo 

on those pins.  

CIRCULARBUFFER 

This is not an official Arduino library but its use is known for LIFO (Last In First Out) and FIFO (First In First 

Out) implementations of circular buffers for stack que control. 

2.5. Mapping with the Proactive Sequential Action Selection (PSAS) task on B-

Prime   
 

As Figure 2 shows, there is a one-on-one relationship between the PSAS task and the actions the Smart 

Cabinet is able to execute. On the left side of Figure 2, the B-Prime device is shown together with the 3-

layered task structure.  The B-Prime device is a step forward as compared to the touch screen task that was 

used for PSAS in the past (see the 2nd Periodic Technical Report for a detailed description of B-Prime). This 

task consists of rotating the inner barrel to the left or right, according to the instructions indicated by the 

LEDs on the sides of the central opening. Those also indicate whether the reward is in the upper or lower 

compartment. Analogously, the Smart Cabinet will map not only the same task- tree, but it will also emulate 

the proactive and the reactive modes, which are present in the B-Prime device (see 2nd Periodic Technical 

Report). 

  

Figure 2. PSAS task mapping to Smart Cabinet 



3. Update of the Smart House communication interfaces 
The smart house living lab gateway has been updated in line with the final specification of W3C Web of Thing. 

3.1. Integration of the Smart Cabinet 
The Smart Cabinet has been integrated as a “Thing” with the following Thing Description (TD): 

{"@context": [   

   "https://www.w3.org/2019/wot/td/v1",   

   {   

    "saref": "http://uri.etsi.org/m2m/saref#",   

    "sDevice": "saref:Device"   

     },   

    {   

    "uDevice": "http://ontology.universaal.org/PhThing.owl#Device"  

    }   

    ],   

    "title":"a title", 

    "securityDefinitions":{   

                  "bearer_sc": {   

                      "in":"header",   

                      "scheme": "bearer",   

                      "format": "jwt",   

                      "alg": "ES256",   

                      "authorization": "/auth"   

                      }   

                  },   

    "security": ["bearer_sc"],   

    "@type": [ "Thing", "sDevice", "uDevice" ],   

    "name": "Smart Cabinet", 

        "properties" :  {   

      "status" : {   

        "name" : "Device status",   

        "Description": "Admitted states: B1, B2, C1, C2, C3, C4, B1C1, B1C2, B2C3, B2C4", 

        "forms": [   

          {   

              "contentType":"application/json", 

              "op": "readproperty",   

              "href": "/1/properties/status",   

              "htv:methodName": "GET"   

          },   

          {   

            "contentType":"application/json", 

            "op": "writeproperty",   

            "href": "/1/properties/status",   

            "htv:methodName": "PUT"   

        }   

          ]   

      }   

     }   

} 

This TD is describing the Smart Cabinet in line with the specification of the WoT. It is a generic device as 

defined in the universAAL and SAREF ontologies protected through a Json Web Token (JWT) authentication. 

The securityDefinitions key also define the type of JWT admitted. In order to send an HTTP request for 

interacting with the Smart Cabinet, a standard bearer authorization header4 has to be included. The service 

that provides authorization tokens is linked in the securityDefinitions and is accessible at the /auth path. The 

way the authentication and authorization process works is described in the previous deliverable D4.3 in 

section 3.2: Authentication and Authorization flow with Living Lab gateway.  

                                                           
4 IETF RFC 6750, https://tools.ietf.org/html/rfc6750, Last Access June 2020 

https://tools.ietf.org/html/rfc6750


The Smart Cabinet is a device that has a property called “status”. By interacting with this property, it is 

possible to change the position of the cabinet to the following states: B1, B2, C1, C2, C3, C4, for sequential 

movements or B1C1, B1C2, B2C3, B2C4 for concurrent movements (proactive “behavior”). 

The “status” property is accessible in read and write mode such that it is possible to ask for the current state 

of the cabinet or to change it. In order to read the state of the device, it is needed to send an HTTP GET 

message to the path /<id>/properties/status with the appropriate authentication header in bearer token 

format. After this request, the service will respond with the string that represents the current status of the 

cabinet: B1, B2, B1C1, etc. In order to change the status of the cabinet, it is needed, in the same mode of the 

previous request (including authorization header), to send an HTTP PUT message with a JSON object in the 

body of the message with a key status representing the new state of the cabinet. 

3.2. Client library for Web of Thing 
One of the main advantages of the usage of an ICT standard (in our case Web of Thing) is that any compliant 

library is able to deal with the communication. Anyway, as the Web of Thing is a very new standard (final 

specifications of Thing Description have been closed in April 2020) the existing solution that is the Arena Web 

Hub Node JS framework5 is not useful for the integration in Plan4Act on the FPGA and/or its software 

simulator from WP3.  

In order to overcome this problem and also to provide an intuitive integration between WP3 and WP4, we 

have created two specific libraries: one for the FPGA in Python and another in C++ for the software simulator. 

These libraries hide all the complexity of the protocols described in the Thing Descriptions and can be used 

with functions (a Remote Procedure Call (RPC) style) instead to deal with HTTP messages in order to connect 

with the living lab gateway and its devices. 

3.3. Python client library for FPGA integration 
The first support library that has been created is a Python library. The library is designed in a way that it 

provides two main functionalities: 

1. A set of functions in order to deal with the communication protocol described with Living Lab Thing 

Descriptions and all the Thing Descriptions of the devices;  

2. A set of functions in order to connect directly with the Smart Cabinet when the client is in the same 

private network. 

3.3.1 WoT Based Python client library  

The Web of Thing (WoT) library includes the following functionalities: 

Configuration set up 

Through the configuration set-up, several communication parameters and user credential can be established 

in order to properly manage the communication with the Living lab gateway. The following is showing an 

example of use. 

config = client.Config() 

#path = 'path to another config.json file with the same format' 

#config.changeConfig(path) 

 

                                                           
5 Arena Web Hub, https://github.com/draggett/arena-webhub, Last Access June 2020 

https://github.com/draggett/arena-webhub


config.getConfig()['enable_https']=True #if true port is https_port  

config.getConfig()['host']='ophiucus.lst.tfo.upm.es'# ophiucus.lst.tfo.upm.es  

config.getConfig()['port']='8080' #http reference port 

config.getConfig()['https_port']='8443'#https reference port 

config.getConfig()['jwt_secret']='secret' #secret for token 

config.getConfig()['username']='a user' #secret for token 

config.getConfig()['password']='password' #secret for token 

config.getConfig()['verify_cert']=False  

config.updateConfig() 

 

service = client.Service(config) 

 

Authentication 

Through this library, the system is also able to perform the authentication process as described in the 

previous deliverable D4.3 in section 3.2: Authentication and Authorization flow with Living Lab gateway. After 

the authentication, the client service is ready to send requests to the gateway. In the following is a usage 

example. 

service = client.Service(config) 

print('AUTH: '+service.auth()) 

print(service.token) 

 

List the available devices 

After the authentication, the authorization token is valid for 24 hours. During this time interval, it is possible 

to send requests to the gateway in order to get information about the devices and change their state. The 

first available functionality is the list of the available devices that can be obtained with the following function: 

print(json.dumps(service.getDevices(), indent=4, sort_keys=True)) 

 

Set device state 

In order to change the state of a device the library offers two modalities. The synchronous and the 

asynchronous modality. When the synchronous mode is used execution is blocked until a response from the 

gateway is not returned. In this case, sequential calls to the function are executed in their order. On the other 

hand, when the asynchronous mode is used, the execution is not blocked and it is delegated to a different 

thread, where response from the gateway will be returned. In this case, calls to the function are executed in 

parallel and execution order is not guaranteed. 

In the following we report synchronous and the asynchronous examples on how to set the state of the 

devices. 

 

def synchronous_ABD(): 

    service.setStatus(Device.MAIN_DOOR,Value.OPEN) 

    service.setStatus(Device.HOUSE_LIGHT,Value.ON) 

    service.setStatus(Device.LIVINGROOM_WINDOW,Value.OPEN) 

 

def asynchronous_ABC(): 

    service.setStatusWithCallback(Device.MAIN_DOOR,Value.OPEN) 

    service.setStatusWithCallback(Device.HOUSE_LIGHT,Value.ON) 



    service.setStatusWithCallback(Device.BATHROOM_DOOR,Value.OPEN) 

 

Get device state 

In order to ask the gateway for the state of a device, the library works as described in the previous paragraph. 

In the following we show synchronous and the asynchronous examples on how to get the state of the devices. 

 

def synchronous_ABD(): 

    service.getStatus(Device.MAIN_DOOR) 

    service.getStatus(Device.HOUSE_LIGHT) 

    service.getStatus(Device.LIVINGROOM_WINDOW) 

 

def asynchronous_ABC(): 

    service.getStatusWithCallback(Device.MAIN_DOOR) 

    service.getStatusWithCallback(Device.HOUSE_LIGHT) 

    service.getStatusWithCallback(Device.BATHROOM_DOOR) 

 

3.3.2 Python client library for direct connection with the cabinet 

When the cabinet is configured under the same network of the software where the client python lib is 

running, the cabinet device is directly accessible. 

In order to access the cabinet, first, it is needed to set up the local IP address of the cabinet and, then, it is 

possible to change or ask for its state. Please find an example of a direct connection with the cabinet in the 

following. 

service.setCabinetIPAddress(“192.168.1.10”) 

service.setCabinetState(CabinetState.B1C1) 

service.setCabinetState(CabinetState.B2) 

state = service.getCabinetState() 

print(state) 

 

When using the direct connection with the cabinet, we do not have the synchronous or asynchronous modes 

available, because we can directly ask the cabinet to provide such a behavior. When we ask the cabinet to 

move into a single state, such as B1, it will move only the servo associated to the B states (B1 versus the B2). 

When we ask the cabinet to move into a combined state, such as B1C1, it will move the servo associated to 

B states and the servo associated to C states at the same time. 

3.4. C++ client library for integration of simulator 
The C++ client library is offering the same functionalities as the Python library and it provides: 

 RPCs for hiding the connection details with the Living Lab gateway based on WoT; 

 RPCs for direct connection with the cabinet device. 

3.4.1 WoT Based C++ client library  

The Web of Thing (WoT) C++ library includes the following functionalities: 

Configuration set up 

In this case the configuration is easiest. The network configuration parameters are inferred by the base url. 



//config the request handler 

 string base_url = "http://ophiucus.lst.tfo.upm.es:80/"; 

 Plan4ActRequestHandler req; 

 req.setBaseURL(base_url); 

 

By setting the url, the library understands if HTTP or HTTPS needs to be used, what is the server address, and 

at which port it is listening. 

Authentication 

In this version, the authentication needs username and password in order to start the process that provides 

authorization credentials. After calling the authentication function, the client service is ready to send request 

to the gateway. 

 req.forceAuthentication(“a username”,”a password”); 

 

List the available devices 

In this version the devices of the Living Lab are hardcoded into an enumeration class. They can be accessible 

through the following code: 

Devices::lights_UserArea 

In this example the user is getting the reference of the device that represents the main lights of the Living 

lab. 

Get and set device state 

In order to change and/or ask the state of a device, this library only offers the synchronous mode. In the 

following we present an example on how to set the state of a device.  

//Change the device state 

req.setDeviceState(Devices::door_BathRoom, (int)States::close); 

 

//Ask for device state 

req.getDeviceState(Devices::door_BathRoom) 

 

When the asynchronous mode is needed, the developer needs to defer execution in a ‘not blocking way’ to 

different threads. This need to be explicitly defined by code as it is shown in the following example: 

//send request in no blocking execution into separate threads 

 

Plan4ActRequestHandler req; 

req.setBaseURL(base_url); 

 

thread thread4([&] (Plan4ActGetRequest * req) { 

     req->setDeviceState(Devices::door_Entrance, (int)States::open); 

     },  

     &req); 

 

thread thread1([&] (Plan4ActGetRequest * req) { 

     req->setDeviceState(Devices::lights_UserArea, (int)Values::on); 

     },  

     &req); 

 



thread thread2([&] (Plan4ActGetRequest * req) { 

     req->setDeviceState(Devices::cabinet, (int)CabinetStates::B1C1); 

     },  

     &req); 

 

thread thread3([&] (Plan4ActGetRequest * req) { 

     req->getDeviceState(Devices::cabinet); 

     },  

    &req); 

 

thread4.join(); 

thread3.join(); 

thread2.join(); 

thread1.join(); 

In this example several requests of get and set device states are sent to the living lab gateway in parallel. 

3.4.2 C++ client library for direct connection with cabinet 

When the cabinet is configured under the same network of the software where the client C++ lib is running, 

it is directly accessible. This is the same as for the Python library. 

Also in this case, in order to access the cabinet, first, it is needed to set up the local IP address of the cabinet 

and, then, it is possible to change or ask for its state. In the following we show an example of direct interaction 

with the cabinet. 

/* 

 Init the Curl lib and the IP address 

*/ 

CabinetController* c = CabinetController::getInstance(); 

c->setCabinetAddress("192.168.1.134"); 

 

//Change the state of the local cabinet 

c.changeCabinetState((int)CabinetStates::B1C1); 

 

//Get the state of the local cabinet 

c.getCabinetState(); 

 

Also in this version, we do not have the synchronous and asynchronous mode available for the cabinet, 

because we can ask directly the device to provide such a behavior, as described in the previous case of direct 

cabinet connection with the Python library. 

  



4. Trajectory inference inside the Smart House 
Anticipating human behavior in an environment is a complex task. Each person has a different 
movement pattern, guided by rules that are not yet fully understood. However, in recent years 
Artificial Intelligence has achieved good results in terms of prediction. 
 
Based on available technology inside the Smart House (e.g. cameras), we have implemented models 
of posture estimation, body image segmentation and point tracking to provide inferences on life-
streaming images. Within this task, we have developed a system that allows predicting the 
trajectory of a person's in an indoor environment in real time anticipating the destination to which 
they are heading. The results obtained could be used as feedback for the brain machine interface 
(BMI) developed in Plan4Act in order to improve its predictions. The predictor can benefit from 
knowing "what elements are in the destination direction" to discard those that will surely not be 
found there (e.g. if the subject is heading towards the kitchen, discard the possibility of interacting 
with elements that are not placed in this area). 
 
The proposed system is based on low-cost sensors, such as a webcam, whose purpose is to collect 
data on the trajectory and to be able to predict and classify in real time the path that this person is 
taking, obtaining their final destination. Also, we made sure that the system does not require large 
computing power in order to be able to integrate the solution into an embedded system. 

4.1. System components 

Three main components or modules were necessary for the development of the system. First, an 
Artificial Vision module in charge of recognizing the subject and tracking its position throughout the 
environment in real time, obtaining the observed trajectory. Then, a Predictive Module which makes 
the prediction of the future path that the subject will follow from the observed trajectory, obtaining 
the predicted trajectory. Finally, a Classifier associates this trajectory with one of the possible paths 
to decide precisely where the subject is heading to. Figure 3 shows the complete architecture 
diagram of the system. 

 
Figure 3. Trajectory inference system architecture and components. 

 
1. Artificial Vision: its objective is to recognize a person and track their position throughout the 

environment in real time. To do this, computer vision models and libraries based on posture 
estimation are used to process all the data obtained. 



2. Predictive Module: its function is to predict what the users’ future trajectory will be, given a 
certain amount of initial points of the trajectory. To achieve this, a Deep Learning model was 
implemented that makes predictions on time series. 

3. Classifier: once the future trajectory has been generated, it is classified among the possible 
paths to decide precisely where the person is heading. To achieve this, a classification model 
with neural networks was implemented. 

As presented in Figure 4 (simulation), the result of the integration of these three components is a 
system whose output is the future path that a person will follow within the environment, together 
with the destination to which the person is heading. 
 

 
Figure 4. Simulation of the proposed trajectory inference system. 

 

4.2. Development and Integration  

Models selected for image tracking recognition, body parts’ selection and body parts’ tracking are 
based on tensorflow.js (tensorflow lite)6. A webcam placed at the main door and facing to the 
kitchen-bathroom area was set up for a wide vision of the Smart House environment. The proposed 
system was designed using the ankle as the body part for tracking movements and trajectories. This 
selection was made based on the work of Liang et al. 7 aiming at being able to predict the final 
trajectory by collecting initial points of the ankle, assuming that its position throughout any 
translation can be drawn as a succession of points on the floor regardless of the user. In order to do 
so, we have used PoseNet8 to recognize body parts and a tracking model to draw trajectories and 
obtain temporal series of dots (pixels) from an image. With these datasets we have trained several 
models in order to identify the best one to be implemented, taking into account the computational 
capacity of performing in real-time as main requirement. 
 

                                                           
6 https://www.tensorflow.org/js, Last access June 2020 

7 Liang, J., Jiang, L., Niebles, J. C., Hauptmann, A. G., & Fei-Fei, L. (2019). Peeking into the future: Predicting future person 

activities and locations in videos. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp. 

5725-5734). 

8 https://www.tensorflow.org/lite/models/pose_estimation/overview, Last access June 2020 

https://www.tensorflow.org/js
https://www.tensorflow.org/lite/models/pose_estimation/overview


The results obtained with our first proof of concept suggested that a linear regression sequential 
model of LSTMs + Dense layer could be used to obtain 50 prediction points for the X and Y 
coordinates with a feed of 10 points of “history”. 
Two different trajectories were set to obtain the data sets, as presented in Figure 5: 

a) From main door to the bathroom 

b) From main door to yard window 
 

Figure 5. Ankle tracking process to generate trajectory datasets 

 
 

Note: The figures presented were obtained in a different environment outside UPM’s Smart House Living Lab due to 
the Covid-19 outbreak and lockdown. 

 
Figure 6 shows the right ankle tracking by the PoseNet model while performing the repetition of a 
trajectory at the living lab (from the main door to the bathroom). The trajectories shown are 2-D 
representations of the pixels involved in the ankle trajectory and the raw dataset of a trial is 
illustrated as an example. This dataset generation with PoseNet is produced in real-time on a 30FPS 
streaming video. 



 
Figure 6. Raw trajectories X and Y pixel by pixel. 

 

Using these datasets, the predicted values are presented in Figure 7 and Figure 8. On each graph, 
true and predicted values for X and Y are shown. 

 
Figure 7. X predicted values versus X real values 

 

 
Figure 8. Y predicted values versus Y real values 

 



4.2.1 Artificial Vision module 

In order to record real-time data of the trajectories in a simple way, a web interface was designed. 
The web interface shows the superposition of the webcam video stream with the PoseNet model 
output of the trajectories and allows data to be recorded. Data recording begins by tracking the 
position of the “right ankle” by default, however it may be used to track another part of the body 
for certain tests. Initially, two different paths were collected in the Living Lab:  

1. from the entrance door to the window door, and  
2. from the entrance door to the bathroom. 

The trajectory of the subject walking following the paths to their destination and returning to the 
starting point was recorded by the webcam for 3 minutes. We acquired more than 2,600 coordinate 
points that define the two trajectories. These sets of X-Y coordinates were used to train and test the 
classification and prediction models. They were also used to develop the predictive module and the 
classifier. 
 
Additionally, to prevent raw data from containing noise and inconsistencies, a filter was designed 
to clean up potentially inconsistent data obtained. Specifically, a linear moving average filter was 
designed, which does not introduce delay and eliminates erroneous values from the recorded path 
Figure 9 shows the raw data collected and the data after filtering the erroneous values. 
 

 
Figure 9. Filtering process of trajectory data collected. 

 

 
As shown in Figure 9, the collected paths also contain noise, seen as small fluctuations. Knowing 
that this unwanted component can affect the performance of models based on neural networks, it 
was decided to apply a smoothing filter to reduce the amount of noise. This filter helped to better 
recognize the patterns followed by the time series, resulting in a clean signal. In this way, the X and 
Y coordinate sequences, of each trajectory, were smoothed obtaining better data.  
 



Finally, before sending it to the predictive model, it is necessary normalize the data so that it can be 
used for the training of the model. In this case, a minimum-maximum normalization9 was applied 
that linearly transforms the data to an interval between 0 and 1, where the minimum value is scaled 
to 0 and the maximum to 1. Figure 10 shows the final trajectories’ data set after smoothing and 
normalization. 
 

 
Figure 10. Trajectory paths after applying the 'smoothing' filter and normalization. 

 

The final design of the Artificial Vision module and its components is presented in Figure 11. 

 
Figure 11. Final design of the Artificial Vision module. 

4.2.2 Predictive module 

A history of X-Y positions was extracted from the Artificial Vision module. The subject performing 
the action is represented by a state (st) comprising the X-Y coordinates at t time, st = (Xt, Yt). Given 
a sequence of observed states (obs), obs = {S1, S2, S3, … Sobs-1, Sobs}, we will seek to predict the future 
path defined as Spred = {Sobs+1, Sobs+2 … Sobs+pred} for predicted steps ahead. The Predictive module will 
have the subject's observed trajectory as its input, Tobs, the prediction made at its output, Tpred; 
where Tobs = Sobs and Tpred = Spred. Figure 12 shows the Predictive module and its components. A 
comparison between different models were conducted and the best performing model (RNN-LSTM) 
was selected and trained with the complete data set.  

                                                           
9 Tareas para preparar los datos para el aprendizaje automático mejorado. 2020. https://docs.microsoft.com/es-
es/azure/machine-learning/team-data-science-process/prepare-data. 



 
Figure 12. Predictive module and its components. 

 

4.2.3 Classifier 

The output of the Predictive module is a sequence of points predicted from observing the beginning 
of a trajectory. The problem is that this is not always entirely accurate. For this reason, a classifying 
model was developed that learns to recognize the different trajectories (T1, T2, T3, T4) and identify 
the destination to which the person is heading (“One-hot encoding” method). In this way, if there is 
some inaccurate recognition of the trajectory, the classifier will still be able to recognize it. Figure 
13 shows the Classifier and its integrated components. 
 

 
Figure 13. Classifier module diagram. 

 

4.3. Validation and Result 
With the Predictive model and the Classifier already trained with data from the environment, the system is 

ready to be tested. The aspects to be validated with this testing phase were the following: 

1. The Artificial Vision module can track a person throughout the environment and collect trajectory 

data in real time. 

2. The prediction of the future trajectory approximates the real trajectory. 

3. The path classification is appropriate, obtaining the destination point. 

4. Results are displayed visually. 

5. The system works with a minimum delay, practically in real time. 

To carry out validation, an experiment was carried out where, based on the first 30 points of the trajectory 

that the subject follows, the following 50 future points are predicted and classified among one of the defined 

paths. Over several adjustments and iterations, the results show that the system can accurately predict the 

next 50 path points with just a sample of 10 previous points. Considering that the tracking system takes 



approximately 10 points per second, a trajectory of 6 seconds can be predicted using data from the first 

second since go cue. Figure 14 shows the prediction of the future 50 trajectory points having observed the 

first 10.  

 

Figure 14. Prediction of the future trajectory points based on the 10 previous detected points. 

 

The results also showed that the developed classifier allows the predicted sequence to be associated 

with one of the final trajectories. As shown in Figure 15, in two tests carried out with totally different 

datasets, the LSTM model with the selected architecture achieves more than 90% accuracy, along 

with low error. 

 

Figure 15. Performance of the Classifier model. 

 

Finally, the classifier was tested using a new sequence not used before or used to build the model. 

Figure 16 shows the confusion matrix of this test showing how the classifier manages to correctly 

classify most of the trajectories. 



 

Figure 16. Confusion matrix of the Classifier. 

 

The final overall system was tested following the trajectory of a subject in real time. The results are 

presented in Figure 17 in which we can observe that the prediction and classification of the 

trajectory is accurate, and it is displayed in a short time, almost in real time. In “green” we can 

observe the observed trajectory, Tobs, and in “red” the predicted trajectory, Tpred. Once the 

trajectory is classified, a visual indication with the word “destination” is showed to indicate that the 

system identifies the trajectory. 

 
Figure 17. Final real time test with a subject. 

As it is shown in figure 17, these tests were not performed at the Smart House due to COVID-19 
scenario, forcing us to perform more tests in a bigger and open space also including more 
trajectories.  



5. Conclusion and Outlook 
In order to map the proactive action-sequence task performed by the monkey at DPZ (WP1) onto a 

Smart House interactive device, the Smart Cabinet has been implemented and integrated to the 

Smart House environment by UPM (WP2). The specification on its integration and usage were 

described in section 3.  

This deliverable also described the final communication interfaces with the Smart House Living Lab 

and the rest of the world which are accessible through a standard description of services and devices 

based on the standards of W3C Web of Thing and annotated with JSON-LD. 

Finally, this deliverable showed advancements concerning a specific feedback input from the Smart 

House on a real-time basis that could improve the overall performance of the predictor when 

complex sequences are considered. This took the shape of an indoor trajectory predictor and was 

intended to be implemented using LiDAR technology for better accuracy, speed and privacy of the 

users but, due to COVID-19 scenario, almost the entire development took place outside the Smart 

House facility. This fact did not influence the development of the system itself but had naturally led 

to the need of an adaptation to the Smart House scenario different as originally planned. For this, 

the models’ training phase used new vision-based datasets, which proved efficient concerning time 

and resources. Future directions of this development are to implement such models into embedded 

hardware to make it portable and turn it into an easy-to-use tool for smart homes, not only as 

trajectory prediction but also to recognize users’ activities and body gestures, taking advantage of 

PoseNet’s powerful model. This could help monitoring users’ level of activity, accidents (e.g. falling), 

sleep quality and so on. 

 

 

 

 

 


