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Squad-Level Command and Control Using the Myo for Tactical Hand Signal 
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Abstract 
 
Standardized military tactical hand signals are used to visually convey commands among squad 
members to avoid detection during an operation. In this paper, we present a system for 
conveying tactical hand signals when there is poor visibility or when one or more squad or fire 
team members has lost visual contact with the rest. We use a commercial device known as the 
Myo worn on the forearm, which contains electromyography sensors to recognize different hand 
poses (fist, fingers spread, palm wave in/out) based on electrical stimulation created by flexing 
forearm muscles coupled with a 9-axis inertial measurement unit. The latter contains a 3-axis 
gyroscope, a 3-axis accelerometer, and a 3-axis magnetometer to track arm movement. We 
trained the device to recognize different tactical hand signals using various classifiers (K-nearest 
neighbor, naïve bayes, neural networks, etc.). Once recognized, the hand signal is transmitted as 
a character string wirelessly to other squad members, where it is conveyed visually as a cartoon, 
movie clip, or character string on a screen; audibly via an earpiece or cell phone; or tactilely via 
the Myo or other tactile device. Here we describe the basic system, its modes of operation, and 
some preliminary classification results.  
 
Introduction  
 
Hand gestures are visual signals that can be used when verbal communications are impossible or 
undesirable. Many hand gestures are activated by the primitive speech areas of the right brain 
leading some evolutionary linguists to speculate that nonverbal communication predates the 
development of speech [1] [2]. In modern times, hand gestures are used in sign language, sports, 
traffic control, disaster relief, and police SWAT missions, among others. They are also used to 
augment verbal communication. In the military, hand gestures play a key role when verbal 
communication is impossible or impractical (ambient noise level is too high, distance is too 
great, radio silence is necessary, etc.) In the past, each Army unit developed its own visual 
signals. U.S. Army FM 21-60 standardizes the most commonly used visual signals and 
categorizes them as arm-and-hand signals for ground forces; flag signals for armored and 
mechanized units; pyrotechnics; and panel signals to aircraft [3]. Tactical hand signals are 
generally used for coordinating missions, patrols, and close-range engagements at the squad 
level. Since each country has its own standards, NATO has created a standardized set of some 60 
tactical hand-and-arm signals so that all coalition partners can communicate when forces are 
mixed. A subset of these are illustrated in Figure 1. While visual signals can overcome some of 
the limitations of verbal communication, they introduce new ones of their own. In periods of 
poor visibility or if the warfighters are not in line of sight of each other, the reliability and range 
of visual signals is reduced or rendered ineffective. Visual signals may be misinterpreted or 
confused for a different signal. Further, they may be intercepted by the enemy or used for 
deceptive purposes [3]. 



 
Figure 1 - Standardized NATO Tactical Hand Gestures 



To overcome these limitations while still maintaining the advantages of hand gestures as visual 
signals, we propose using gesture recognition techniques to identify hand-and-arm signals and 
transmit them to all squad members regardless of line of sight or visibility, and then employing a 
value of information technique combined with the current user state to display the signals in 
whatever medium is appropriate for each recipient (video, audio, image, cartoon, text, etc.). We 
use a commercially available off-the-shelf sensor called the Myo [4]. The Myo is worn on the 
forearm and contains electromyography sensors to recognize different hand poses (fist, fingers 
spread, palm wave in/out) from electrical stimulation created by flexing forearm muscles 
coupled with a 9-axis inertial measurement unit (IMU). The latter contains a 3-axis gyroscope, a 
3-axis accelerometer, and a 3-axis magnetometer to track arm movement. We selected a subset 
of 8 of the standardized tactical hand signals that were not easily confusable (freeze, rally point, 
hurry up, down, come, stop, line abreast formation, and vehicle) and trained a number of 
different classifiers on data collected from 17 individuals collected at the U.S. Army Research 
Laboratory. 
 
In this paper, we provide some background on gesture recognition techniques, briefly describe 
the system into which the gesture recognition was integrated for disseminating the tactical hand 
signal, report some initial experimental results, and present a conclusion.  
 
Background 
 
Learning how to recognize gestures has been an active area of research for many years. Most of 
the work in this area has been in the domain of computer vision, where a single stationary 
camera tries to estimate human gestures within an observed scene [5] [6] [7] [8]. This line of 
research is best suited to gesture recognition within a single area and for gesture quality 
assessment [8]. However, this approach is not optimal for recognizing the gestures of a specific 
individual in an arbitrary environment. Changes in the background, camera position, and lighting 
can negatively impact the ability of visual motion gesture algorithms to correctly detect and 
classify a gesture. The monitoring of an individual’s state and gestures is more suited to body-
mounted sensors, like IMUs and physiological sensors (electromyography [EMG]) [9] [10] [11] 
[12] [13] [14] [15] [16] [17]. Research along this vein has significantly increased in recent years 
due to the improvement and availability of better (higher quality, smaller) and cheaper sensors, 
as well as improvements in the computational power of mobile electronics. Gesture recognition 
using IMUs and physiological sensors usually focuses on individual limbs rather than whole 
body motions [9]. Though some work has been done in this area using several IMU sensors [18] 
[19] [20]. 
 
3D Accelerometers  
 
Most IMUs consist of 3D accelerometers to measure acceleration and 3D gyroscopes to detect 
changes in orientation. However, using just the accelerometer information is enough to recognize 
basic arm movements, as has been shown by multiple researchers. Hartmann and Link [15] used 
a dynamic time warping (DTW) algorithm to recognize 9 different arm gestures using a 3D 
accelerometer attached to a subject’s wrist. The motions of 7 participants were recorded for each 
gesture 15 times. Training and evaluation was done using 3-fold cross validation. Liu, Pan, and 
Li [16] used the 3D accelerometer in a Wii controller to detect 8 different gestures using a 



Hidden Markov Model (HMM) classifier. Their classifier was trained using 150 samples per 
gesture. Their results were simply shown as an accuracy after 50 examples (different examples) 
per gesture. Belgioioso et al. [10] explored how 2 novel machine learning classifiers fared in the 
task of gesture recognition using the 3D accelerometers in a mobile smartphone. They also 
compared different feature extraction approaches and tried to recognize 4 different arm gestures 
with ~137 examples per gesture. Results were confirmed through 4- and 5-fold cross-validation.  
 
Inertial Motion Units 
 
Gesture recognition using IMUs allows gestures to be classified by detecting changes in 
acceleration as well as the orientation of the arm. Zhang et al. [13] used a custom-designed IMU 
attached to the forearm to classify 7 different arm gestures. They were not only trying to classify 
the overall gesture, but also detect and segment the sub-gestures that made up the entire gesture 
using principal component analysis (PCA). The overall gesture was recognized using an HMM 
on the trained data. Kratz, Saponas, and Morris [21] developed a more generic gesture detector 
using a variation of DTW with amplitude modulation. This allowed them to detect the gesture of 
an unknown person by just training on a single sample of the gesture from a different person. 
Gesture classification was done using an HMM with the IMU connected to the forearm. The 
classifier and detector were trained on 8 different gestures from 8 individuals with 10 samples 
per gesture per individual. Testing was done using a different set of 10 samples per gesture per 
individual combined with leave-one-subject-out cross-validation. Amma, Georgi, and Schultz 
[22] used a commercial IMU attached to the hand to recognize handwritten letters. In their study, 
handwriting first had to be detected within a stream of data and then segmented. This was done 
using a support vector machine (SVM), while the character classification and word recognition 
was done using an HMM that fed into a statistical language model (vocabulary and n-gram). 
They presented results using a person-specific classifier as well as a generic classifier for all 
trained subjects. The study created datasets for characters (9 subjects), words (5 subjects,) and 
full sentences (9 subjects).  
 
EMG 
 
EMG is used in gesture recognition to detect the position of fingers by measuring the electrical 
signals generated to contract the muscles in the fingers. In one study, Shuman [14] used 5 surface 
EMG sensors placed on the forearm to detect 6 hand gestures (positions) using several different 
classifiers. He experimented with sensor placement and classifier type: artificial neural network 
(ANN), random forest (RF), one nearest-neighbor (1NN), decision tree with boosting (DT/B), 
SVM, and decision tree (DT). His results were evaluated using 5-fold cross-validation and the 
training dataset was composed of 15 trials of each gesture (by one subject). Tenore et al. [23] 
used 12–32 surface electrodes on the forearm to detect EMG signals. The purpose of the study 
was to classify the movement of individual fingers for use in advanced prosthetic device. An 
ANN was used to classify the gestures.  
 
 
IMU and EMG 
 



By combining IMU and EMG sensors, gestures based on arm and finger motion as well as arm 
position can be detected. In a recent study, Paudyal, Banerjee, and Gupta [17] used a pair of Myo 
sensors (which contain 3D accelerometers, 3D gyroscopes, and an 8 channel EMG) to detect 
American sign language (ASL) gestures. They used DTW-based classification to train the model 
to recognize 20 different ASL motions. They also compared classification effectiveness based on 
the sets of sensors used, EMG, acceleration, orientation, all sensors, and pairs of sensors.  
 
 
System Diagram  
 
Our general technique is to collect raw data from the Myo, perform some sort of feature 
summarization for each channel (mean, median, sum of squares, etc.), send it to a classifier, 
disseminate the results using a value of information (VoI) method developed by ARL and the 
Florida Institute for Human and Machine Cognition, and present the result in a medium that 
takes into consideration the user’s current environmental and physical context. The conceptual 
flow is shown in Figure 2. While not the focus of this paper, we also show where the gesture 
recognition fits into larger VoI-based dissemination service (Figure 3). More details can be found 
in [24]. 
 

 
Figure 2- Conceptual Diagram for Tactical Hand Signal Recognition 



 
Figure 3 - VoI-based Dissemination and Presentation System Diagram 

 
Initial Experimentation 
 
Data Collection 
 
Seventeen volunteers participated in the data collect, which lasted between 30–60 min. 
Participants consisted of both male and female adults. Each participant was fitted with a Myo 
armband on the participant’s right arm regardless whether the participant was right or left 
handed. Once the armband had warmed up and the participant felt comfortable with the 
snugness, the data collection administrator demonstrated a particular NATO gesture to perform. 
The participant performed the identified gesture total of 10 times to generate 10 data samples. 
Each gesture sample was saved to a standard text file. At the end of the data collection, each 
participant produced 80 samples (8 gestures x 10 samples). 
 
A customized Myo-enabled Lua script was written to capture a participant‘s arm movements. 
Ten channels provided by the Myo (Table 1) were captured at a rate of 10 readings per second. 
The data collector initialized the script, but the start command was executed by the participant 
performing a double-tap of the middle finger to the thumb, one of 5 built-in poses Myo armband 
understands out-of-the-box (the others being fist, fingers spread, wave in, and wave out). Once 
the participant performed the gesture, another double-tap was performed to stop the data 
collection. In addition to sensor data, the Myo’s built-in poses were injected at the chronological 



position of the data recording as soon as it was detected by the script. A sample recording may 
contain 0 or more built-in poses. This process is summarized in Listing 1. 
 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Myo Data Channel 
ROLL 
PITCH 
YAW 
xGyro/sec 
yGyro/sec 
zGyro/sec 
xAccel_g 
yAccel_g 
zAccel_g 
X-Direction 

Table 1- Myo Data Channels 

Data Preparation 
 
The gesture samples consisted of a different number of a data points depending on how long it 
took for the participant to complete the gesture and data collection. Each gesture sample was 
summarized into single data points by summing the squares of each channel for one sample set 
and taking the mean of each channel as a second sample set. Two more features were added to 
each data point. If any built-in pose was recognized, it was appended as a feature. If multiple 
ones were recognized, the one that occurred the most was added. In case of ties, one was 
randomly selected. If none were present, “NONE” was added. The second feature was the 
gesture itself and was the target for classification. To compare different classifiers, we use a tool 
called Weka from the University of Wakaito, New Zealand. [25] The file format Weka uses is 
called attribute-relation file format (ARFF) and a sample input snippet is shown in Listing 2. 
  

For each participant      
Initialize Myo     
For each gesture      

Demonstrate the gesture     
For 10 samples     

Initialize data capture script 
Participant double-taps middle finger to thumb to start collection 

  Participant performs gesture 
Participant double-taps middle finger to thumb to stop collection 

 Next sample 
Next gesture 

Next participant 
 

 
 
 

Listing 1 – Data Collection Summary 

http://www.cs.waikato.ac.nz/ml/weka/arff.html


 
@attribute roll real 
@attribute pitch real 
@attribute yaw real 
@attribute xGyro/sec real 
@attribute yGyro/sec real 
@attribute zGyro/sec real 
@attribute xAccel_g real 
@attribute yAccel_g real 
@attribute zAccel_g real 
@attribute pose {REST, FIST, WAVE_IN, WAVE_OUT, FINGERS_SPREAD, 
DOUBLE_TAP, UNKNOWN, NONE} 
@attribute gesture {rally_point, down, come, line_abreast_formation, vehicle} 
 
@data 
88.02,49.32,215.25,14981.17,31.35,3.81,FIST,come 
76.98,69.68,198.73,195165.04,47.35,20.25,3.86,NONE,come 
… 

Listing 2 - Sample ARFF Snippet 

Data Classification 
 
We next applied a number of different classifiers using Weka on both the sum of squares feature 
summarization sample set and the mean feature summarization sample set to see if any particular 
classification technique was better suited for tactical hand gesture recognition. The classifiers 
tested were naive Bayes [26], Bayesian networks, K-nearest neighbor [27], K* [28], locally 
weighted naïve Bayes [29], ANN, decision tables [30], repeated incremental pruning to produce 
error reduction (RIPPER) [31], partial C4.5 DTs [32], Hoeffding trees [33], C4.5 DTs [34], 
logistic model trees [35], and fast DT leaners. The results in terms of accuracy, precision, recall, 
and F-score for 10-fold cross-validation for the 2 data sets are shown in Table 2 and Table 4. 
Standard deviations are shown in parentheses. All of the classifiers were trained using the 
WEKA default parameters except the ANN. The WEKA default for hidden layers is 1 hidden 
layer with (# inputs + #outputs)/2. We did not find that adding additional layers improved 
performance, but we did find that increasing the number of hidden nodes from 9 ((10+8)/2) to 40 
and the training epochs from 500 to 2500 did result in increased performance.  
 
 

Classifier % Correct Precision Recall F-Score 
K-nearest neighbor 93.35 (2.03) 0.89 (0.07) 0.91 (0.07) 0.89 (0.05) 
K* 93.33 (1.63) 0.87 (0.07) 0.92 (0.05) 0.89 (0.05) 
ANN  87.91 (2.9) 0.84 (0.09) 0.83 (0.1) 0.83 (0.07) 
Logistic Model Tree 83.63 (2.83) 0.69 (0.09) 0.67 (0.11) 0.68 (0.09) 
C4.5 80.95 (3.13) 0.66 (0.11) 0.66 (0.13) 0.65 (0.1) 
Partial C4.5 80.4 (3.21) 0.68 (0.1) 0.69 (0.11) 0.68 (0.09) 
Fast DT 77.02 (3.66) 0.6 (0.11) 0.58 (0.15) 0.58 (0.11) 



RIPPER 76.70 (3.8) 0.66 (0.11) 0.61 (0.13) 0.63 (0.11) 
Bayesian Network 75.56 (3.13) 0.61 (0.09) 0.57 (0.11) 0.59 (0.09) 
Hoeffding Tree 72.49 (3.4) 0.52 (0.11) 0.51 (0.12) 0.51 (0.1) 
Naïve Bayes 72.39 (3.45) 0.52 (0.11) 0.51 (0.12) 0.50 (0.1) 
Locally Weighted Naïve Bayes 47.45 (3.43) 0.57 (0.16) 0.28 (0.09) 0.36 (0.1) 

Table 2- Results from Summarizing Channels by Mean 

In the case of summarization by channel averages, the instance-based learning classifiers (K-
nearest neighbor and K*) performed the best in terms of accuracy, precision, recall, and F-Score. 
The ANN with 1 hidden layer and 40 nodes performed the next best. Both the instance-based 
learning methods and ANN have their respective advantages and disadvantages. Instance-based 
learning methods can be trained fast since all they are doing is storing the instances. Classifying 
a new instance is slow ( O(n) ), since the new instance must be compared to all of the other 
instances. Classifying a new instance with an ANN can be done fast (constant time) but training 
is slow. To test that the results from the different classifiers were statistically significantly 
different we used a paired t-test with α=0.05 on the % correct field, which yielded the following 
results. Read from top to bottom each classifier is tested against all the others. Cells that are 
filled in indicate no statistically significant difference. The ANN’s performance is significantly 
different from all of the other classifiers. K* and K-nearest neighbor are significantly different 
from all the other classifiers except themselves.  
 

Test Base 
Classifier 

ANN Bayes 
Net 

C4.5 Fast 
Decision 

Tree 

Hoeffding 
Tree 

K* K-nearest 
Neighbor 

Locally 
Weighted 

Naïve 
Bayes 

Logistic 
model 
tree 

Naïve 
Bayes 

Partial 
C4.5 

RIPPER 

ANN             
Bayes Net             
C4.5             
Fast DT             
Hoeffding 
Tree 

            

K*             
K-nearest 
Neighbor 

            

Locally 
Weighted 
Naïve 
Bayes 

            

Logistic 
model tree 

            

Naïve 
Bayes 

            

Partial 
C4.5 

            

RIPPER             
 

Table 3- Significance Testing by Classifier for Channel Mean Summarization 

 
 



Next we repeated the same experiment with the channel summarization being the sum of 
squares. The results are shown in Table 4. The significance testing is shown in Table 5. In this 
case, the Logistic Model Tree outperformed all of the other classifiers, placing it in a class by 
itself. The next best performers were the ANN, C4.5, K-nearest neighbor, and partial C4.5. 
These classifiers all performed the same. Interestingly, the Logistic Model Tree performed better 
using sum of squares over the mean, while K* performed dramatically worse. In Figure 4, we 
compare the accuracy of each classifier against itself using both average channel summarization 
and sum of squares. This figure indicates that while most of the classifiers were relatively 
insensitive to the channel summarization technique, K* was not. In addition to considering 
which classifier to use, different channel summarization techniques may also have to be 
considered. 
 

Classifier  % Correct Precision Recall F-Score 
Logistic Model Tree 90.42 (2.38) 0.87 (0.07) 0.87 (0.08) 0.87 (0.06) 

K-nearest neighbor 87.45 (2.91) 0.77 (0.09) 0.85 (0.09) 0.81 (0.07) 
ANN  87.87 (2.99) 0.82 (0.10) 0.81 (0.12) 0.81 (0.08) 
C4.5 86.00 (2.69) 0.80 (0.08) 0.79 (0.09) 0.79 (0.07) 
Partial C4.5 85.65 (2.88) 0.79 (0.08) 0.80 (0.09 0.79 (0.06) 
RIPPER 83.60 (3.12) 0.76 (0.10) 0.76 (0.12) 0.75 (0.08) 
Fast DT 83.33 (3.13) 0.75 (0.11) 0.75 (0.12) 0.74 (0.09) 
Bayesian Network 83.22 (2.78) 0.73 (0.08) 0.78 (0.10) 0.75 (0.07) 
Hoeffding Tree 78.11 (3.22) 0.67 (0.10) 0.64 (0.11) 0.65 (0.09) 
Naïve Bayes 78.06 (3.26) 0.66 (0.10) 0.63 (0.11) 0.64 (0.09) 
Locally Weighted Naïve Bayes 58.96 (3.61) 0.01 (0.03) 0.00 (0.02) 0.00 (0.02) 
K* 51.30 (3.67) 0.24 (0.03) 0.74 (0.11)  0.36 (0.05) 

Table 4 -Results from Summarizing Channels by Sum of Squares 
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Partial 
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RIPPER             
Table 5- - Significance Testing by Classifier for Channel Sum of Squares Summarization 

 
 

 
Figure 4 - Comparison of Accuracy between Average Channel Summarization and Sum of 

Squares by Classifier 

 
Conclusion 
 
In a tactical environment, maintaining silence may be essential for mission success. NATO hand 
gestures allow a commander to relay information without speaking and potentially giving away 
the unit’s position. However, such gestures are limited as they depend on line of sight and good 
visibility. In this paper, we have presented a system that in the future may allow communications 
between commanders and their forces without potentially giving away their position though 
audible communication. As a first step, we trained several classification algorithms to recognize 
8 different NATO hand gestures.  For the best classification algorithms, the accuracy and F-score 
were above 80%.  These models were developed to recognize the hand gesture of any one of the 
17 participants, however, a per-participant model would be expected to achieve a much higher 
performance.  However, the 8 NATO hand gestures we used were just a small sample of the full 
set of 60 hands gestures in the NATO handbook. Future work will be to increase the number of 
recognized gestures, but increasing the number of gestures will most likely also require a wider 
feature space.  
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