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Background 

Every year, more than 5.7 million adults are admitted to intensive care units (ICU) in the United 
States, costing the health care system more than 67 billion dollars per year1. A wealth of information is 
recorded on each patient in the ICU, including high-resolution physiological signals, various laboratory 
tests, and detailed medical history in electronic health records (EHR)2. Nonetheless, important aspects of 
patient care, including patient’s facial expressions of pain, mobility and functional status are not captured 
in a continuous and granular manner, and require self-reporting or repetitive observations by ICU nurses3-

7. This lack of granular and continuous monitoring can prevent timely intervention strategies8-13.   
 
Objective 

In ICU settings, doctors are required to make life-saving decisions while dealing with high level 
of uncertainty under strict time constraints to synthesize high-volume of complex physiologic and clinical 
data. On the other hand, assessment of patients’ response to therapy and acute illness is mainly based on 
repetitive nursing assessments, thus limited in frequency and granularity. We propose that artificial 
intelligence (AI) technology could assist not only in administering repetitive patient assessments in real-
time, but also in interpreting and integrating these data sources with EHR data, thus potentially enabling 
more timely and targeted interventions14,15. We examined how pervasive sensing technology and AI can 
be used for monitoring patients and their environment in the ICU. 
 
Methods 

The pervasive sensing system for data acquisition included (1) a high-resolution and wide-field-
of-view camera, (2) three wearable accelerometer sensors, (3) light sensor, (4) microphone for capturing 
sound pressure levels, and (5) a secure local computer. We captured video using a camera with a 90o 
diagonal field of view with 10X optical zoom for zooming on the patient face. We used three Actigraph 
GT3X devices on the patient’s wrist, arm, and ankle to record patients’ activity intensity throughout their 
enrollment period. To capture the effect of environment disruptions on sleep quality, we recorded light 
intensity and sound pressure levels in the room throughout the patient’s enrollment period using an iPod 
and a light sensor. EHR data included physiological signals recorded in the ICU via bedside monitors, as 
well as demographics, admission information, comorbidities, severity scores, pain and CAM-ICU16 
scores, laboratory results, medications, procedure and diagnosis codes, and enteral feeding status. We 
administered daily questionnaires to assess patients’ sleep quality during their enrollment. 

We used the Joint Face Detection and Alignment using Multi-Task Cascaded Convolutional 
Network17 to detect individuals present in each video frame. 65,000 video frames were annotated by 
delineating a bounding box surrounding each individual. Next, we performed face recognition using 
FaceNet18 algorithm to identify the patient in each video frame. First, we extracted 7 seconds of still 
images at 15 fps containing the patient face, as training data. Training data were passed through the face 
detection pipeline. The trained classifier for each patient was tested on 6,400 randomly selected images of 
the same patient. After detecting and recognizing patient’s face, we localized anatomical key-points of 
joints and limbs using the real-time multi-person 2D pose estimation19 with part affinity fields. This 
allowed us to recognize poselets, which describe a particular part of posture under a given viewpoint. The 



part affinity fields are 2D vector fields that contain information about the location and direction of limbs 
with respect to body joints. Our pose detection model used Fully Convolutional Neural networks20 
branches and k-nearest neighbor classifier21 to detect the location of the joints and the association of those 
body joints as limbs, and then to identify the full posture. To train the model using a balanced dataset, we 
augmented ICU patient data with scripted data. We considered four main posture classes to be 
recognized: lying in bed, standing, sitting on bed, and sitting on chair. 

For each video frame, facial Action Units (AUs) were obtained using the OpenFace22 toolbox and 
used to detect eight facial expressions: pain, happiness, sadness, surprise, anger, fear, disgust, and 
contempt. Facial expressions were calculated using Facial Action Coding System formulas23,24. We also 
calculated 15 statistical features to summarize the accelerometer data. 

 
Results 

We recruited 22 patients in the surgical ICU at a quaternary academic hospital. Delirious patients 
and non-delirious patients did not significantly differ in baseline characteristics, except for the number of 
comorbidities. We collected 33,903,380 video frames visibly containing face, 16,123,925 video frames of 
patient posture, and 3,203,153 of patient facial expressions. We also collected 1,008 hours of 
accelerometer data, 768 hours of sound pressure level data, 456 hours of light intensity level data, and 
1416 hours of physiological data. For training our deep learning models on ground truth labels, we 
annotated 65,000 video frames containing individual faces, and 75,697 patient posture video frames. Face 
detection and patient face recognition models achieved Mean Average Precision value of 0.94 and 0.80, 
respectively. We detected 15 AUs from 3,203,153 video frames. Successful detection was achieved for 
2,246,288 out of 3,203,153 video frames (%70.1). All AUs were significantly different between delirious 
and nondelirious patient groups (p-value<0.01). Delirious patients had suppressed expression for seven 
out of eight emotions (p-value<0.001, except for anger). Delirious patients exhibited significantly less 
variation in head poses compared to the non-delirious patients (p-value<0.001). Delirious patients on 
average had fewer visitor disruptions during the day, but more disruptions during the night.  

Our posture recognition model achieved an F1 score of accuracy of 0.94. The individual 
classification accuracy of recognizing postures was: lying = 94.5%, sitting on chair = 92.9%, and standing 
= 83.8%. Delirious patients spent significantly more time lying in the bed and sitting on chair compared 
to non-delirious patients (p-value<0.05 for all four postures). Delirious patients had higher movement 
activity for wrist during the entire 24-hours cycle, daytime, and nighttime. The 10-hour window with 
maximum activity intensity showed different levels of activity between the two patient groups. However, 
activity in the 5-hour window with the lowest activity intensity was not significantly different, possibly 
due to low activity levels in ICU in general. Delirious patients had a lower number of immobile moments 
during the day and during the night, hinting at their restlessness and lower sleep quality. The sound 
pressure levels and light intensity levels for delirious patients’ rooms during the night were on average 
higher than those of non-delirious patients’ rooms. Average nighttime sound pressure levels and light 
intensity levels were significantly different between the delirious and non-delirious patients (p-
value<0.05). Delirious patients reported a lower overall ability to fall asleep compared to non-delirious 
patients, and they were more likely to find the lighting to be disruptive during the night (p-value= 0.01, p-
value=0.04, respectively).  

 
Discussion 

We showed the feasibility of pervasive monitoring of patients in the ICU. This is the first study to 
develop an autonomous and comprehensive system for patient monitoring in the ICU. We performed face 
detection, patient face recognition, facial action unit detection, head pose detection, facial expression 
recognition, posture recognition, extremity movement analysis, sound pressure level detection, light 
intensity level detection, and visitation frequency detection, in the ICU. As an example, we evaluated our 
system for characterization of patient and ambient factors relevant to delirium syndrome25-27. We found 
that facial expressions, functional status entailing extremity movement and postures, and environmental 



factors including the visitation frequency, light and sound pressure levels at night were significantly 
different between the delirious and non-delirious patients. 

 
Conclusion  

To the best of our knowledge, this is the first study to continuously assess critically ill patients’ 
facial expressions and functional aspects along with environmental factors such as noise and light. Our 
collected data hint at several interesting observations, including more significant disruption of the 
circadian rhythm of physical activity in delirious patients, as confirmed by other studies28-30. We expect 
future similar systems can assist in administering repetitive patient assessments in real-time, thus 
potentially enabling more accurate prediction and detection of negative events, and more timely 
interventions, reducing nursing workload, and opening new avenues for characterizing critical care 
conditions on a much more granular level. 
 

References 

1. Halpern NA, Pastores SM. Critical care medicine in the United States 2000-2005: an analysis of 
bed numbers, occupancy rates, payer mix, and costs. Crit Care Med. Jan 2010;38(1):65-71. 

2. Jalali A, Bender D, Rehman M, Nadkanri V, Nataraj C. Advanced analytics for outcome 
prediction in intensive care units. Paper presented at: Engineering in Medicine and Biology 
Society (EMBC), 2016 IEEE 38th Annual International Conference of the2016. 

3. Parry SM, Granger CL, Berney S, et al. Assessment of impairment and activity limitations in the 
critically ill: a systematic review of measurement instruments and their clinimetric properties. 
Intensive Care Med. May 2015;41(5):744-762. 

4. Thrush A, Rozek M, Dekerlegand JL. The Clinical Utility of the Functional Status Score for the 
Intensive Care Unit (FSS-ICU) at a Long-Term Acute Care Hospital: A Prospective Cohort 
Study. Physical Therapy. 2012;92(12):1536-1545. 

5. Barr J, Fraser GL, Puntillo K, et al. Clinical practice guidelines for the management of pain, 
agitation, and delirium in adult patients in the intensive care unit. Crit Care Med. 2013// 2013;41. 

6. Schweickert WD, Hall J. ICU-acquired weakness. Chest. May 2007;131(5):1541-1549. 
7. Yeung S, Rinaldo F, Jopling J, et al. A computer vision system for deep learning-based detection 

of patient mobilization activities in the ICU. npj Digital Medicine. 2019/03/01 2019;2(1):11. 
8. Brown H, Terrence J, Vasquez P, Bates DW, Zimlichman E. Continuous monitoring in an 

inpatient medical-surgical unit: a controlled clinical trial. Am J Med. Mar 2014;127(3):226-232. 
9. Kipnis E, Ramsingh D, Bhargava M, et al. Monitoring in the intensive care. Crit Care Res Pract. 

2012;2012:473507. 
10. To KB, Napolitano LM. Common Complications in the Critically Ill Patient. Surgical 

Clinics.92(6):1519-1557. 
11. Wollschlager CM, Conrad AR, Khan FA. Common complications in critically ill patients. Dis 

Mon. May 1988;34(5):221-293. 
12. Rubins HB, Moskowitz MA. Complications of care in a medical intensive care unit. Journal of 

General Internal Medicine. March 01 1990;5(2):104-109. 
13. Desai SV, Law TJ, Needham DM. Long-term complications of critical care. Crit Care Med. Feb 

2011;39(2):371-379. 
14. Vincent J-L, Creteur J. Paradigm shifts in critical care medicine: the progress we have made. 

Critical Care. 12/18 2015;19(Suppl 3):S10-S10. 
15. Hirsch LJ. Continuous EEG Monitoring in the Intensive Care Unit: An Overview. Journal of 

Clinical Neurophysiology. 2004;21(5):332-340. 
16. Ely EW, Margolin R, Francis J, et al. Evaluation of delirium in critically ill patients: validation of 

the Confusion Assessment Method for the Intensive Care Unit (CAM-ICU). Critical care 
medicine. 2001;29(7):1370-1379. 



17. Zhang K, Zhang Z, Li Z, Qiao Y. Joint Face Detection and Alignment Using Multitask Cascaded 
Convolutional Networks. IEEE Signal Processing Letters. 2016;23(10):1499-1503. 

18. Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified embedding for face recognition and 
clustering. Paper presented at: 2015 IEEE Conference on Computer Vision and Pattern 
Recognition (CVPR); 7-12 June 2015, 2015. 

19. Cao Z, Simon T, Wei S-E, Sheikh Y. Realtime Multi-Person 2D Pose Estimation using Part 
Affinity Fields. Computing Research Repository. 2016. 

20. Long J, Shelhamer E, Darrell T. Fully convolutional networks for semantic segmentation. Paper 
presented at: Proceedings of the IEEE conference on computer vision and pattern 
recognition2015. 

21. Troyanskaya O, Cantor M, Sherlock G, et al. Missing value estimation methods for DNA 
microarrays. Bioinformatics. Jun 2001;17(6):520-525. 

22. Amos B, Ludwiczuk B, Satyanarayanan M. OpenFace: A general-purpose face recognition 
library with mobile applications. CMU School of Computer Science;2016. 

23. Ekman P, Friesen WV. Manual for the facial action coding system. Consulting Psychologists 
Press; 1978. 

24. Lucey P, Cohn JF, Matthews I, et al. Automatically detecting pain in video through facial action 
units. IEEE Transactions on Systems, Man, and Cybernetics, Part B (Cybernetics). 
2011;41(3):664-674. 

25. Zaal IJ, Spruyt CF, Peelen LM, et al. Intensive care unit environment may affect the course of 
delirium. Intensive care medicine. 2013;39(3):481-488. 

26. Patel J, Baldwin J, Bunting P, Laha S. The effect of a multicomponent multidisciplinary bundle 
of interventions on sleep and delirium in medical and surgical intensive care patients. 
Anaesthesia. Jun 2014;69(6):540-549. 

27. Arenson BG, MacDonald LA, Grocott HP, Hiebert BM, Arora RC. Effect of intensive care unit 
environment on in-hospital delirium after cardiac surgery. J Thorac Cardiovasc Surg. Jul 
2013;146(1):172-178. 

28. Scott BK. Disruption of Circadian Rhythms and Sleep in Critical Illness and its Impact on the 
Development of Delirium. Current Pharmaceutical Design. 2015;21(24):3443-3452. 

29. McKenna HT, Reiss IK, Martin DS. The significance of circadian rhythms and dysrhythmias in 
critical illness. Journal of the Intensive Care Society. 2017;18(2):121-129. 

30. Madrid-Navarro CJ, Sanchez-Galvez R, Martinez-Nicolas A, et al. Disruption of Circadian 
Rhythms and Delirium, Sleep Impairment and Sepsis in Critically ill Patients. Potential 
Therapeutic Implications for Increased Light-Dark Contrast and Melatonin Therapy in an ICU 
Environment. Current Pharmaceutical Design. 2015;21(24):3453-3468. 

 


