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Author Questionnaire:
1. Microscopy: Does your protocol involve video microscopy? N
2. Does your protocol demonstrate software usage? Y
3. Which steps from the protocol section below are the most visually important? 
2.3., 2.8., 3.2., 4.2.
4. What is the single most difficult aspect of this procedure and what do you do to ensure success? 
4.2. is the most critical part therefore in 2.4. we have to confirm that the data acquisition system fulfills the appropriate data synchronization and data consistency properties.
5. Will the filming need to take place in multiple locations (greater than walking distance)? N


Section - Introduction
Videographer: Interviewee Headshots are required. Take a headshot for each interviewee.

1. REQUIRED Interview Statements (Said by you on camera): All interview statements may be edited for length and clarity.

1.1. Lourdes Martínez-Villaseñor: Our methodology adds important stages, selection of sensor combination, placement, and classification, to simplify, with a deep analysis, the fall detection system [1].

1.1.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera

1.2. Hiram Ponce: There are previous works that address some fall detection design issues, but there is no work that focuses on a holistic methodology for overcoming all of these problems [1].

1.2.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera

OPTIONAL Interview Statements: (Said by you on camera) - All interview statements may be edited for length and clarity.

1.3. Lourdes Martínez-Villaseñor: This methodology can also be used for human activity recognition in ambient assisted living, sports performance evaluation, physical therapy, and rehabilitation applications [1].

1.3.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera

1.4. Hiram Ponce: When a dataset is created, challenges due to synchronization, organization, and data inconsistency can arise. A trade-off between an accurate estimation and the model complexity should be taken into consideration [1].

1.4.1. INTERVIEW: Above Talent speaking the statement above in an interview-style shot, looking slightly off-camera

Introduction of Demonstrator (Said by you on camera):

1.5. Hiram Ponce: Demonstrating the procedure will be José Pablo Nuñez Martínez, a research assistant, and Sofia Pacheco Ibañez, an undergraduate engineering student, from our laboratory [1][2]. 

1.5.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
1.5.2. The named technician, post doc, student looks up from workbench or desk or microscope and acknowledges the camera

Ethics title card: (for human subjects or animal work, does not count toward word length total)

1.6. Procedures involving human subjects have been approved by the Research Committee of Engineering Faculty at Universidad Panamericana.


Section - Protocol
2. Experimental Setup
2.1. Begin by setting up the data acquisition system to facilitate subject data collection and storage [1].
2.1.1. WIDE: Talent setting up system
2.2. Select the types of wearable sensors [2A], ambient sensors [2C], and vision-based devices [2B] required as sources of information [1] and assign an ID for each source of information, the number of channels per source, the technical specifications, and the sampling rate of each of them [2].
2.2.1. Talent selecting sensor(s)
2.2.2. Talent assigning ID to source(s)
2.2.2 A        Added shot: Wearable sensors
2.2.2.B       Added shot: Vision sensor
2.2.2.C.    Added shot: Ambient sensor
2.3. To connect all of the sources of information to a central computer or a distributed computer system, first verify that the wire-based devices are connected properly to a single client computer [1] and verify that wireless-based devices are fully charged [2-TXT].
2.3.1. Talent connecting device(s) to computer Videographer: Important step NOTE: take 1 wearable, take 2 vision, take 3 ambient
2.3.2. Talent checking wearable device(s) charge level Videographer: Important step TEXT: Caution: Low batter may impact wireless connections or sensor values
2.4. To set up each device to retrieve data, set the data acquisition system to allow data storage on the cloud [1] and confirm that the data acquisition system fulfills the appropriate data synchronization and data consistency properties [2].
2.4.1. Talent at computer selecting cloud storage, with monitor visible in frame
2.4.2. Talent validating system
2.5. Lourdes Martínez-Villaseñor: Be sure to check that all of the sensors are acquiring the data consistently and simultaneously and to include labels for identifying the subject, activity, and trial [1].

2.5.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
2.6. Collect sample data with the devices [1] and store the data in a preferred system [2-TXT].
2.6.1. Talent using device to collect data
2.6.2. Talent storing data TEXT: Include timestamps in all data
2.7. Query the database and determine if all of the sources of information are collected at the same sample rates [1].
2.7.1. Talent querying database
2.8. After considering the conditions required and the restrictions imposed by the goal of the system, set up the testing environment [1], placing a mattress or any other compliant flooring systems in the center of the environment to ensure participant safety [2].
2.8.1. Talent setting up testing environment NOTE: Merge 2.8.1 with 2.8.2 in take 1 and joined with 2.8.2 and 2.9.1 in take 2
2.8.2. Talent placing mattress into center of floor
2.9. Keep any objects at least 1 meter away from the mattress [1] and prepare any necessary personal protective equipment for the participants [2].
2.9.1. Talent moving object(s) Videographer: Important step
2.9.2. Talent placing PPE on table or similar Videographer: Important step
2.10. Then set up the appropriate cameras and pair-infrared sensors around the mattress as illustrated [1-TXT].
2.10.1. LAB MEDIA: Figure 1 camera/sensor schematic TEXT: See text for full camera placement details
3. Activity and Fall Planning
3.1. Define the goal of the fall detection and human activity recognition system on a planning sheet [1-TXT] and define the target population of the experiment in accordance with the goal of the system [2].
3.1.1. WIDE: Talent writing goals on sheet TEXT: e.g., classify types of elderly human falls and activities performed on indoor daily basis
3.1.2. Shot of target population being written on sheet  NOTE: Merge 3.1.1 with 3.1.2. in take 1
3.2. Define the type of daily activities, including some non-fall activities that look like falls to improve real fall detection [1]. 
3.2.1. Shot of defined activities on planning sheet Videographer: Important step; Video Editor: please emphasize activity list NOTE: 3.2.1 is merged with 3.3.1, 3.3.2 and 3.4.1
3.3. Assign an ID for each activity [1] and describe the activities in as much detail as possible [2].
3.3.1. Use 3.2.1. Video Editor: please emphasize ID list
3.3.2. Use 3.2.1. Video Editor: please emphasize activity descriptions
3.4. Then set the time period for each activity to be executed [1].
3.4.1.  Use 3.2.1. Video Editor: please emphasize time period list
3.5. Define the type of human falls [1] and assign an ID and describe each fall for each activity, along with the time period for each fall to be executed [2].
3.5.1. Talent recording fall types on planning sheet NOTE: 3.5.1 is merged with 3.5.2 and 3.6.1
3.5.2. Shot of fall planning record Video Editor: please emphasize ID, descriptions, time period lists
3.6. Consider if the falls will be self-generated by the subjects or generated by others and write this information on the planning sheet [1].
3.6.1. Use 3.5.2. Video Editor: please emphasize self- and other-generated fall information
4. Activity and Fall Analysis
4.1. To collect the activity and fall data, place the recording devices onto the Subject as illustrated [1-TXT].
4.1.1. LAB MEDIA: Figure 1 human schematic TEXT: See text for full device placement details
4.2. When the Subject is ready, under the supervision of a clinical expert [0] or responsible researcher, start the data collection in the data acquisition system [1] and ask the Subject to perform the sequences of activities and falls outlined in the planning sheet, saving the timestamps of the start and end of each activity or fall [2-3].
4.2.0 Added shot: Talent and subject being prepared , TAKE 2 Subject signing letter of consent
4.2.1. WIDE: Talent starting data acquisition Videographer: Important/difficult step
4.2.2. Subject performing activity or fall Videographer: Important/difficult step
4.2.3. Added shot: Subject performing all activities
4.3. Verify that data from all of the sources of information are saved on the cloud after each activity or fall [1-TXT].
4.3.1. Talent verifying data saved on cloud, with monitor visible in frame TEXT: Discard any samples from improperly performed activities or w/ device issues
5. Data Analysis
5.1. To analyze the collected activity and fall data, use the feature data set for each machine learning method to run a k-fold cross validation [1].
5.1.1. WIDE: Talent at computer, loading feature data set
5.2. Use a common metric of evaluation, like accuracy, to select the best model trained per method [1-TXT].
5.2.1. Talent selecting metric, with monitor visible in frame TEXT: LOSO experiments also recommend
5.3. Next, open the training feature data set in the preferred programming language software and use the pandas library to read a CSV file as indicated [1]. 
5.3.1. SCREEN: screenshot_1: 00:00-00:07 TEXT: training_set = pandas.csv(<filename.csv>)
5.4. Split the feature data set in pairs of inputs-outputs as indicated [1-TXT].
5.4.1. SCREEN: screenshot_1: 00:07-00:20 TEXT: training_set_X = training_set.drop(‘tag’,axis=1), training_set_Y = training_set.tag 
5.5. Select one machine learning method and set the parameters [1-TXT].
5.5.1. SCREEN: screenshot_1: 00:20-00:26 TEXT: classifier = sklearn.SVC(kernel = ‘poly’) 
5.6. Train the machine learning model [1-TXT] and compute the estimates values of the model using the testing feature data set [2-TXT].
5.6.1. SCREEN: screenshot_1: 00:26-00:37 TEXT: classifier.fit(training_set_X,training_set_Y)
5.6.2. SCREEN: screenshot_1: 00:44-00:54 TEXT: estimates = classifier.predict(testing_set_X)
5.7. Repeat the k-fold cross-validation of the number of times k is specified in the k-fold cross validation for each machine learning model selected [1].
5.7.1. SCREEN: screenshot_1: 02:23-02:43 Video Editor: please speed up
5.8. Select the suitable placements in a multimodal approach if a combination of two or more sources of information are required for the system and select the best source of information for each modality in the system [1].
5.8.1. SCREEN: screenshot_2: 00:14-00:25 Video Editor: please speed up
5.9. Create a combined feature data set using the independent data sets of these sources of information [1] and select a machine learning classification method [2].
5.9.1. SCREEN: screenshot_2: 02:24-02:34
5.9.2. SCREEN: screenshot_2: 02:58-03:16 Video Editor: please speed up
5.10. Train a model for these combined sources of information and repeat the validation using the combined feature data set [1].
5.10.1. SCREEN: screenshot_2: 03:36-03:48
5.11. Then prepare a new data set with the Subjects under more realistic conditions, using only the sources of information selected in the previous analysis [1].
5.11.1. Talent preparing new data set with cellphone



Section – Results
6. Results: Representative Fall Detection System Analysis

6.1. Graphical representation of the best performance obtained for each modality depending on the machine learning model and the best window length configuration [1] clearly illustrates that multimodal approaches obtain the best F1-score values [2] compared to some unimodal approaches [3], although – notably - using wearable sensors only, a similar performance to a multimodal approach can be obtained [4].

6.1.1. LAB MEDIA: Figure 3
6.1.2. LAB MEDIA: Figure 3 Video Editor: please emphasize IR+IMU+EEG and IMU+EEG+CAM data bar clusters
6.1.3. LAB MEDIA: Figure 3 Video Editor: please emphasize IR and CAM data bar clusters
6.1.4. LAB MEDIA: Figure 3 Video Editor: please emphasize IMU data bar cluster

6.2. In terms of the benchmark of the data-driven models, random forest presents the best results in almost all of the experiments [1], while multilayer perceptron and support vector machines are not very consistent in performance [2].

6.2.1. LAB MEDIA: Table 1 Video Editor: please emphasize RF rows
6.2.2. LAB MEDIA: Table 1 Video Editor: please emphasize MLP and SVM rows

6.3. The best performance is obtained when a single sensor is used at the waist, neck, or tight right pocket [1]. Ankle and left wrist wearable sensors perform the worst [2].

6.3.1. LAB MEDIA: Table 2 Video Editor: please emphasize rows 1-3
6.3.2. LAB MEDIA: Table 2 Video Editor: please emphasize rows 4 and 5

6.4. In addition, the waist, neck, and tight right pocket sensors with random forest classifier and a 3-second window size with 50% overlapping are the most suitable wearable sensors for fall detection [1].

6.4.1. LAB MEDIA: Table 3 Video Editor: please emphasize waist, neck, and right pocket RF, 3-sec data cells

6.5. The lateral view camera performs the best fall detection [1] and the best camera location is in a lateral viewpoint using random forest in a 3-second window size and 50% overlapping [2].

6.5.1. LAB MEDIA: Table 4 Video Editor: please emphasize row 1
6.5.2. LAB MEDIA: Table 5 Video Editor: please emphasize Lateral View RF 3-sec data cell

6.6. In addition, the random forest model classifier demonstrates the best performance in accuracy and F1-score in both multimodalities [1] and the combination between the waist and camera 1 ranks in the first position [2].

6.6.1. LAB MEDIA: Table 6 Video Editor: please emphasize RF Accuracy and F1-score data cells
6.6.2. LAB MEDIA: Table 6 Video Editor: please emphasize 98.72% and 95.77% data cells


Section - Conclusion
7. Conclusion Interview Statements: (Said by you on camera) - All interview statements may be edited for length and clarity.
7.1. Hiram Ponce: In our experiments, we recruited young people with no impairments, but subjects should be selected that align with the goal of the system and the target population using the system [1]. 
7.1.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera (Step: 3.1)
7.2. Lourdes Martínez-Villaseñor: Simple multimodal fall detection system can be designed and implemented based on this methodology. For real-world adaptation, transfer learning and deep learning approaches are recommended for developing robust systems [1].
7.2.1. INTERVIEW: Named talent says the statement above in an interview-style shot, looking slightly off-camera
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