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Abstract 
 

Human gestures in the real-world are complex, ranging from sign 
language, to full body motion, to extremely dynamic poses such as 
crawling and dancing.  This study examines a set of multimodal 
sensory fusion methods to support the real-time operation and 
training without the need for wearable equipment. We articulate 
the gesture tracking sensor modality based on the gesture tracking 
types, accuracy, detection latency, distance, key point 
requirements, and accuracy with LiDAR, webcam and inertial 
measurement unit (IMU) for complex gesture recognition. We 
applied the methodology to applications of gait detection and 
tracking in a high altitude, sign language detection, and 
background noise removal in a crewed space. Our experiments 
show that the usability of the multimodal interfaces can be tested 
in a simulated environment and measured with instruments 
objectively.  

Introduction  
 
Human gesture tracking has been a challenge in perceptual 
computing because of the complexity of structural dynamics, 
broader contexts, and diverse environments and applications, 
ranging from sign languages, surgical operations, cholygraphy, 
emergency responses, medical diagnoses, to physical training [1].    
   Conventional human pose estimation solutions apply a 
‘one-size-fits-all’ model by training an artificial neural network 
and using each frame of a video as the input [2], which produces a 
generalized solution, but the model struggles with fringe cases like 
small humans in distance, low resolution, and low contrast.  
Furthermore, no additional information is used in the solution 
outside of the collected real-time data.   
    Existing game engines often use gamepad [5],  headset- 
mounted Innertial Motion Unit, or RGB cameras to monitor the 
user’s gesture [10]. However, they do not fully capture the physical 
motion, e.g. only the arms or a half body. The visual and physical 
effects are not realistic.  
    In this study, we explore gesture capture and interaction 
technology for complex gestures with multimodal sensors, 
including regular digital cameras, near-infrared cameras or LiDAR 
(Light Detection and Ranging), and other sensors such as the 
camera pose estimation to improve the pose estimation in altitude 
and in distance. We explore how to combine the multimodal 
sensors in terms of multimodal dual-use and multimodal sensory 
fusion.  
     We evaluate the methods with measurements of tracking 
latency, accuracy, coverage, keypoints, and cost. In this study, we 
investigate hand gesture tracking, extreme poses from standing to 
crawling, under normal lighting or low lighting conditions. We also 
explore the multimodal sensory fusion for indoor and outdoor 
environments with controlled and uncontrolled real-world 
scenarios.  

Limitations of Single Model Tracking 
 
Many devices can be used for tracking gestures. Augmented 
Reality and Virtual Reality goggles normally contain wearable 
sensors such as cameras, and Innertial Motion Unity (IMU) for 
detecting and tracking user’s gesture, mainly hand movement. But 
they don’t track the full body gestures, especially walking and 
crawling. Wearable IMU sensors can be programmed for gesture 
detection and tracking. However, it is challenging to use IMU 
sensors for detecting and tracking complex gestures such as 
crawling and walking backwards.  
   The camera-based tracking algorithms are able to detect and 
track complex gestures with the augmented skeleton outlines, 
including the joints of the limbs and landmarks on the head 
position and orientation, e.g. finger gestures. The computational 
load for the machine-learning algorithm is rather high, especially 
for laptops. Figure 1 shows the helmet-mounted google with the 
IMU-based head tracking (left) and the camera-based hand 
tracking (right). For specific applications, such as firefighters’ 
navigation and medical students’ anatomy training, the single 
modal tracking would be sufficient, but not enough for a broader 
spectrum of applications.   
 
 

 
Figure 1 The motion sensor (IMU)-based head tracking on the helmet (left) 
and the camera-based hand tracking on the table (right) 
    
 
The near-infrared- camera-based sensor (LiDAR), on the other 
hand, can deliver the similar skeletal tracking results with 
relatively lower computation because the LiDAR sensor fuses the 
data and processes the data onboard. A typical LiDAR sensor 
contains two NIR cameras and distance measurement that enables 
3D gesture tracking. 
   Lighting condition is also a critical factor. IMUs and thermal 
cameras can track the pose without lighting. The gesture tracking 
with these two types of sensors are more difficult because of 
low-resolution sensory data. On the other hand, the near-infrared 
LiDAR sensors can track gestures in low-lighting. In this case, 
LiDAR could be a good option for the resolution and lighting 
considerations. Table 1 summarizes the comparisons among 
gesture tracking sensors in terms of computing load, lighting 
requirement, pose detection and tracking fidelity, and the cost.  
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Table 1. Comparisons among sensors 

Sensors Computing   Lighting         Fidelity Cost 

IMU Simple Not Required Low Low 

Thermal Moderate Not Required Low High 

LiDAR Moderate Required High Moderate 

Webcam Complex Required High Low 
Phone Complex Required High Low 

 
In some special applications, multiple tracking sensors in a single 
mode are fused for 3D or full body tracking, for example, the 4D 
video capture systems [30] need 3 to 20 docent tracking sensors 
around the target. This requires visual feature matching and 
spatiotemporal registration with substantial computing power. In 
practice, this might be an overkill for many applications that do not 
need the high-resolution animated photorealistic 3D models.   
 
 
Dual Modality Tracking 
 
Gesture tracking sensors can be packaged with two or more 
modalities. We explore the devices that contain the due-modality 
of LiDAR and RGB cameras, such as RealSense and Kinect. We 
track the user’s sign language gestures and the extreme gestures for 
comparisons.  
 
Sign Language Gesture Tracking  
 
Hand gestures, such as sign languages, can also be a useful 
application for training and learning purposes. We conducted an 
experiment with a webcam based system to test out our algorithm’s 
ability of recognizing several Italian hand gestures. The example 
hand gestures we include here are  “To eat”, “To drink espresso” 
and the well-known hand sign of “Ma che vuoi?” which means 
“What do you want?”, all shown in Figure 2. Often, those hand 
gestures pair with different facial expressions for a more accurate 
meaning the user likes to convey. The “Ma che vuoi?” gesture and 
the eating gestures form  similar “cone” shapes, however, when the 
user is showing “to eat” he/she often puts his/her hand next to the 
mouth, so this can be an indicator of telling apart the gestures 
based on the reaction of other body parts, not just targeting the 
hand. The “cone shape” of the hand can be characterized as having 
the total length between four finger tips(index finger, middle 
finger, ring finger, and pinky finger) being much smaller than the 
total length of the knuckles of the four fingers.We can set a certain 
threshold to determine how much difference in length comparing 
the four finger tips tied together and their knuckles, indicating how 
spread out the fingers are. The greater the difference in length, the 
closer fingers are together. 
       The drinking espresso gesture is relatively simpler, with index 
finger and thumb being next to the mouth, and three other fingers 
on the side with a distance away, looking like an “OK” hand 
posture people see in the USA. The webcam based method is 
limited to 2D pixel-based input, however, a lot of Italian hand 
gestures require movement, sometimes with similar hand gestures 
but different movements can have completely different meaning. 
This is when a LiDAR based sensor can better accomplish, where 
the detected results are mapped into 3D coordinates, which 
includes the depth element to detect forward or backward 
motions(i.e. z-axis).  

    Figure 2 shows the skeleton overlay on the full body including 
detailed hand detection. Having the full body key points data we 
can easily include any details we need to classify different body 
languages with their paired hand gestures.  
 
 

 
Figure 2.  Italian hand gestures of “to eat”(left) and “to drink 
espresso” (right) with the blue hand skeleton overlay 
 

 
Figure 3.  Full body with the blue skeleton incomplete overlay (left) 
and improved overlay (right)  
 
 
The challenge is how to merge the hand tracking with finger 
motion with the full body motion. Figure 3 shows the full body 
tracking results. It is common that the overlaid skeleton is not 
complete. This is due to the distance between the user and the 
camera. After adjusting the distance, the tracking results are 
improved with the full skeletal overlay. The distance sensing can 
be a separate modality for improving gesture tracking accuracy. In 
another case, we tested the gesture tracking in a huge exhibition 
hall at a hotel. The crowd in front of the camera exceeds the 
tracking capacity. Again, after adjusting the distance between the 
subject and the camera, and adding the poster board as a 
background, we managed to track the single person’s gesture in 
real time. Our results show that the method is able to track the 
user’s gesture in multiple resolutions, including the full body 
(low-resolution) and the hands (high- resolution) and the important 
factor of the distance. 
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Extreme Gesture Tracking 
 
In this study explore extreme gesture capture and interaction 
technology for emergency response training, which includes 
extreme gaits such as crawling through the floor and real-time 
gesture control of the user’s movement in the training scenarios. 
Existing motion tracking systems heavily rely on wearable inertial 
motion units (IMUs) or head-mounted displays (HMDs), which 
adds both cost and physical burden to the user. We examine a new 
multimodal gesture tracking interface to support the real-time 
operation and training without the need for wearable equipment. 
We tested the duo-modality of gesture tracking with LiDAR and 
webcam separately for comparison. Figure 4 shows the extreme 
pose tracking of crawling, kneeing, and standing with LiDAR and 
Webcam. 
 

 
Figure 4.  Extreme pose tracking of crawling, kneeing, and standing 
with LiDAR (up row) and webcam (bottom row) 
 
We measured gesture detection latency, key point requirements, 
and accuracy with LiDAR and webcam for complex gesture 
recognition. Our experiments show that the usability of the 
tracking interfaces can be tested in a simulated environment and 
measured with instruments objectively. We focused on the 
detection latency as an indicator of whether our gestures detection 
algorithm is suitable to operate in applications which require 
real-time response. The latency is defined as the time frame from 
the image being captured, overlaying skeleton key-points on the 
target’s body, to the decision of the gesture classification. Here we 
consider four types of gestures and their corresponding detection 
latency and algorithm accuracy when using lidar or webcam: 
standing still, walking forward, walking backwards, and head 
rotation angle in horizontal direction representing the direction the 
user is facing.  
     The experiment was conducted indoors under natural lighting 
conditions provided by sunlight through the window. To set up the 
experiment, the user was standing at least 1.5 meters away from 
the sensor to ensure the sensor captured the whole body. During 
the experiment, the devices operated on battery power rather than 
being connected to a power outlet. The algorithm works under 
circumstances with dynamic gesture change, therefore, the 
experiment was taken in real time and the user moved their body to 
perform four movements each for around 10 seconds. That is — 

walking forward and backward, standing still, and head turning. 
For a lidar sensor, within a 7 second timeframe the sensor typically 
could capture and output up to 110 detection results. Using lidar 
and webcam, we collected two sets of data and summed up every 
latency data value characterized by different gestures in each set, 
and took the average value as the resulting latency. The formula 
used is shown in equation (1). To evaluate accuracy, we labeled 
gestures “standing still”, “walking forward”, and “walking 
backward” as separate classes. For each class c, we recorded the 
number of true positives (number of times class c was correctly 
predicted) and the number of false negatives (number of times 
class c was missed). The resulting accuracy was then calculated 
using the formula provided in equation (2). The experimental data 
is shown in Table 2.  
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where  is the overall latency; c is detection accuracy by class; 𝐿 𝐴
TPc is the number of times class c was correctly predicted; FNc is 
the number of times class c was missed. 
 
When using a lidar camera the latency can be shortened at least 4 
times then using a webcam for detection. The average human 
reaction time to a visual stimulus is approximately 180–200 ms; 
therefore, the latency introduced by the lidar camera can be 
considered acceptable. The accuracy can be affected by several 
reasons. The most common issue is lighting, which may affect 
stability of the skeleton overlay. Accuracy may also vary due to 
differences in walking habits; for example, distinguishing walking 
forward or backward becomes more difficult if the user’s body 
naturally swings back and forth.  In addition, detection 
smoothness/latency can further affect accuracy. As shown in the 
“algorithm accuracy” column, “standing still” and “walking 
forward” accuracy dropped by ~10% when we switched from lidar 
camera to webcam. In particular, when detecting “walking 
backward” using a webcam, the accuracy dropped to 42.53%. This 
was due to the detection lag, which made it difficult to distinguish 
changes in shoulder length associated with walking forward versus 
walking backward. However, the computational power of the 
device (i.e. the laptop which was used to run the program) must 
also be considered, as it directly affects system performance. For 
instance, we later observed that when the device was plugged in, 
the webcam (which was from the laptop) side had latency reduced 
to approximately 150 ms. Additionally, by using a more 
lightweight model for human skeleton detection could further 
improve latency.  
    Table 2 summarizes the detection latency and accuracy of LiDAR 
and webcam for gestures such as standing, walking forward, 
walking backward, and head rotation. 
     We compared the number of keypoint requirements for detecting 
the gesture types between the LiDAR and webcam. For example, 
for LiDAR: walking forward (2), walking backward (2), and head 
rotation (3); for webcam: walking forward (2), walking backward 
(4), and head rotation (3). The keypoint requirements for the 
LiDAR and Webcam are similar. LiDAR requires relatively fewer 
keypoints.  
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      The results show that LiDAR has better accuracy than webcam. 
LiDAR also has much lower latency for tracking because the 
LiDAR device processes the raw data with the on-board processor 
before being transmitted to the host computer.  
 
 Table 2. Detection Latency and Classification Accuracy 

Gesture Sensor    Latency (ms)    Accuracy 

Standing Still Lidar  60.0 96.67% 

Walking Forward Lidar 60.7 93.33% 

Walking Backward Lidar 61.2 72.41% 

Head Rotation Lidar 60.4 _____* 

Standing Still Webcam 274.3 85.71% 

Walking Forward Webcam 291.1 81.94% 

Walking Backward Webcam 295.4 42.53% 

Head Rotation Webcam 301.8 _____* 
 
Note: The head rotation is detected by relative value (i.e. how much the 
user is turning with respect to the “front” of their face reflects on the 
rotation value), therefore an absolute accuracy metric is not directly 
applicable in this case. 
 
Multimodal Gesture Tracking 
 
Gesture tracking is important to humanitarian assistance and 
disaster relief (HADR) missions. It is challenging to detect humans 
and gestures from a drone video in distance and in altitude due to 
low-resolution in human-figures, dynamic pose transition, and 
figure-to-figure and figure-to- background interaction. Conventional 
pose estimation methods often fail to register proper gaits from 
drone footages. In this study, we explore how to improve the 
detection of humans in distance and altitude where the target sizes 
are unknown [1]. The objective is to overlay the estimated human 
filter on the frames for human detection before gesture tracking. To 
accomplish this, we incorporate drone flight data to estimate the 
onboard camera’s pitch angle and the distance to the target. Figure 5 
shows a diagram of the algorithm.  
​ ​  

 
 
Figure 5.  Drone video fused with gimbal angle data for gait recognition in 
altitude and distance  
​ ​ ​ ​ ​  
The spacing and orientation of keypoints is inconsistent in drone 
detections, because of the numerous possible camera and person 
locations.  Calculating relative keypoint positions using 
background information can help make the data usable for gait 
prediction. For each keypoint we calculate the horizontal distance 
from the mean horizontal location and the vertical distance from 
the lowest keypoint in terms of the estimated torso length. To 
estimate the torso size of each person, we use the camera and 
landscape models shown earlier in human size estimation. 

However, if the person’s torso angle is near parallel to the camera’s 
line of view, the size will be underestimated.  To partially solve 
this problem, an average torso size estimate of 45 cm is used when 
the calculated size is below a lower bound of 30 cm.  These lengths 
were chosen from anthropometric data [19]. 
    The next feature we extracted from the keypoint data is the 
velocity of the human detection. To calculate the person’s velocity, 
we estimate vertical and horizontal distance scales in meters per 
pixel at the detection’s location. Next, we measure the human’s 
change in position by comparing the current average location of 
their keypoints with their previous positions.  With these calculated 
values and the frames per second of the video, we calculate the 
person’s velocity by dividing the estimated distance traveled by 
time. 
     To increase our gait recognition model’s ability to differentiate 
between standing, walking, and running, we estimated movement 
frequency for each detection.  Walking and running are cyclic 
movements, so the actions have a corresponding frequency. The 
discrete time fourier transform (DTFT) is an equation to transform 
a sequence of measurements from the time domain to the 
frequency domain [26]. To calculate a detection’s movement 
frequency we apply the DTFT to a keypoint’s relative positions 
and take the maximum frequency between horizontal and vertical 
motions.​  
   The multinomial logistic regression method predicts the 
probability that a set of features falls into a certain category [27].  
To classify gaits we use this model because of its explainability.  
     To further identify the deciding features for classification we 
utilize the LASSO technique.  This method penalizes large 
coefficients in the loss function of the regression model.  The 
geometric properties of this operator select for a sparse solution, 
which helps to identify important features [28].  
      We ran adaptive pose estimation on drone video and compared 
the results to standard pose detection to evaluate the approach’s 
effectiveness. The testing set included 150 frames from three 
videos with different perspectives. The camera height, angle, and 
distance have the same range as in the gait recognition training 
dataset. The results show an increased correct detection percentage 
and a decreased missed detection percentage when compared to the 
method without predictive zoom. However, there was a small 
increase in the false detection rate. We defined 6 gaits in our 
experiments. That includes walking, running, standing, lying, 
sitting, and bend-over. To assess the effectiveness of our gait 
recognition model, we estimated the activity for 120 randomly 
selected samples not used in training. This testing dataset 
contained 20 examples for each class, and produced the results 
shown in Table 3 and 4.  
 

 
Figure 6.  Gesture tracking results before the drone data fusion (left) and 
after the drone data fusion (right) 
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 Table 3. Confusion matrix of pose detection accuracy 

150 frames     Detected Pose      
     (before / after)    

     No Pose 
(before / after)    

Pose 0.51 / 0.87 N/A 

No Pose 0.02 / 0.12      0.47 / 0.81  

 
Table 4. Confusion matrix of recognition accuracy 

 Stand   Walk   Run Sit Lie Bend 

Stand 1.00      

Walk  1.00     

Run  0.35 0.65    

Sit  0.05  0.95   

Lie     1.00  

Bend      0.90 

 
Our results show that the pose estimation accuracy increases 36% 
and the recognition rate for six gaits reaches 91.7% on average. 
Figure 6 shows the results of the activity recognition before the 
drone data fusion and after the drone data fusion. 
 
Conclusion 
 
Human gestures in the real-world are complex, ranging from sign 
language, to full body motion, to extremely dynamic poses such as 
crawling and dancing.  This study examines a set of multimodal 
sensory fusion methods to support the real-time operation and 
training without the need for wearable equipment.  
     We articulate the gesture tracking sensor modality based on the 
gesture tracking types, accuracy, detection latency, distance, key 
point requirements, and accuracy with LiDAR, webcam and inertial 
measurement unit (IMU) for complex gesture recognition.  
      We explore the due-use multimodality with LiDAR and webcam 
sensors for sign language and extreme gesture tracking. The results 
show that LiDAR has better accuracy than webcam. LiDAR also 
has much lower latency for tracking because the LiDAR device 
processes the raw data with the on-board processor before being 
transmitted to the host computer.  
    We applied the multimodal sensor fusion to applications of gait 
detection and tracking in a high altitude, sign language detection, 
and background noise removal in a crewed space. Our experiments 
show that the usability of the multimodal interfaces can be tested in 
a simulated environment and measured with instruments 
objectively. Our results show that the pose estimation accuracy 
increases 36% and the recognition rate for six gaits reaches 91.7% 
on average. Figure 6 shows the results of the activity recognition 
before the drone data fusion and after the drone data fusion. 
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