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ABSTRAK     This study proposes a real-time gesture recognition system for detecting 
rotational hand movements (pitch, yaw, and roll) using MediaPipe and OpenCV for extracting 
features and classifying gestures. The method extracts angular features from hand 
landmarks and classifies gestures via a lightweight rule-based approach. The system was 
tested under twelve environmental scenarios, combining four distances (50 – 450 cm) and 
three lighting conditions, with 1,500 gesture samples from 10 participants. Results show 
100% accuracy at 50 cm and 200 cm across all lighting conditions, with up to 93.3% accuracy 
at 300 cm, surpassing similar rule-based systems in performance. These findings 
demonstrate a low-cost, contactless solution for interactive systems. 
 
Keywords real-time gesture recognition, rotational hand movements, MediaPipe and 
OpenCV. 
 
 
 

  

1. INTRODUCTION 
 

Hand gesture recognition has become a key 
enabler in enhancing humancomputer 
interaction, offering intuitive, natural, and 
contactless control across domains such as 
robotics, virtual reality, and smart control 
systems. The recent emergence of open-
source computer vision tool sparticularly 
Media Pipe and OpenCV has significantly 
accelerated progress in real-time gesture 
recognition. MediaPipe, developed by 
Google, offers robust realtime palm landmark 
detection detection, while OpenCV provides 
versatile image processing capa bilities, 
enabling effective visual feedback and 
seamless system integration. Numerous 
recent studies have explored the integration 
of MediaPipe and OpenCV in real-time 
gesture recognition applications. For 
instance, an AI-based fitness pose counter 

demonstrated accurate human pose 
estimation at varying distances using both 
tool. Another study proposed a deep learning 
approach that combined MediaPipe land 
marks with OpenCV for recognizing ten 
distinct gestures, showing promise for 
immersive applications such as AR/VR, sign 
language translation, and interactive control 
systems. Media Pipe has also been used to 
support virtual interaction in educational 
settings, allowing children to engage in 
learning activities via hand gestures captured 
by a standard camera an especially valuable 
approach during pandemic-related restric 
tions. Further applications include gesture-
based control of an electric wheelchair, 
where the system enabled intuitive and 
contactless navigation under varying lighting 
and background conditions, highlighting its 
potential in assistive technologies. In another 
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case, MediaPipe was integrated into a 
Rehabilitation Internet of Things (RIoT) 
framework for stroke therapy, allowing 
accurate gesture detection under diverse 
environmental conditions. Adaptive calibra 
tion, deep learning enhancements, and real-
time feedback improved recognition perfor 
mance and patient engagement. Other 
studies have explored the combination of 3D 
hand pose estimation and deep learning to 
improve gesture recognition in dynamic 
environ ments, including hand shape 
estimation from RGB images, recognition of 
both static and dynamic gestures, and 
precise 3D tracking to enhance human–robot 
interaction. Despite these advances, most 
existing systems focus on static gestures or 
the classification of discrete symbols, often 
ignoring spatial orientation and continuous 
rotational movements. There is a clear gap in 
recognizing three-dimensional orientation 
changes specifi cally pitch, yaw, and roll 
which are essential for applications such as 
robotic control and immersive user 
interfaces. Moreover, environmental factors 
such as user distance from the camera and 
lighting conditions are frequently overlooked, 
even though they critically affect detection 
accuracy in real-world use. This study 
addresses these limitations by proposing a 
novel system to recognize pitch, yaw, and roll 
gestures. The system computes angular 
features between landmark vectors detected 
by MediaPipe and processed in OpenCV. In 
contrast to prior methods, this system is 
tested under four distances and three lighting 
levels to assess its robustness and real-
world applicability. This study aims to 
develop and validate a lightweight gesture 
recognition system using a standard RGB 
webcam, MediaPipe, and OpenCV to detect 
rotational hand movements. Key contribu 
tions include: (1) a novel method for real-time 
angular gesture detection, (2) an analysis of 
environmental robustness across lighting 
and distance scenarios, and (3) validation of 
its potential for non-contact control in 
robotics and smart systems. 
2. METHODOLOGY 
 

This study developed a real-time hand 
gesture recognition system designed to 
classify rotational hand movements 
specifically pitch, yaw, and rollusing the 
MediaPipe framework and OpenCV library. 
The system was built to operate with a 
standard RGB webcam and was implemen 
ted using Python programming. 
 
2.1. System Overview 
The proposed system consists of four 
primary stages: image acquisition, hand 
landmark detection, feature extraction, and 
gesture classification. During runtime, an 
RGB camera captures the user’s hand 
motion. MediaPipe's pre-trained hand-
tracking model processes the video stream 
to detect and track 21 key hand landmarks 
(see Figure 1) in real time. These land marks 
represent anatomically significant points, 
such as the wrist, fingertips, and joints. 
Figure 2 illustrates the overall system 
process, comprising five sequential stages: 
image acquisition, hand-landmark detection, 
feature extraction, gesture decision, and 
output display. 
 

 
Figure 1. Hand landmark used for feature extraction [13] 

 

To detect and differentiate rotational hand 
gestures, the system computes directional 
vectors between specific hand landmarks 
detected by MediaPipe. These vectors are 
used to calculate angular movements that 
represent the orientation of the hand in three-
dimensional space. The gesture classification 
focuses on three types of rotation: pitch, yaw, 
and roll. Pitch refers to vertical movement of 
the hand that reflects rotation along the X-
axis, such as nodding motions. Yaw 
corresponds to horizontal rotation along the 
Y-axis, typically observed as left or right turns 
of the hand. Roll represents rotational 
movement around the Z-axis, often caused 
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by wrist twisting. To quantify these motions, 
the system tracks the spatial relationship 
among landmark coordinates especially 
those involving the wrist, index fingertip, and 
thumb tip and calculates angular displace 
ment using trigonometric functions. The 
temporal variation of these angles over 
successive video frames provides a basis for 
determining the type of gesture being 
performed. Instead of complex neural 
networks, this system uses empirically 
derived rule-based thresholds to classify the 
gestures. The classification determines 
whether angular changes fall within 
empirically defined thresholds to determine 
whether a pitch, yaw, or roll motion has 
occurred. This approach ensures the system 
remains lightweight and responsive. The 
angular thresholds for classifying pitch, yaw, 
and roll gestures were determined through an 
initial trial involving five participants. Each 
participant performed each gesture ten times 
at each distance under each lighting mode. 
The resulting angular values were analyzed 
to define empirical threshold ranges for each 
gesture class. 
 
2.2. Experimental Setup 
To evaluate system performance, testing was 
conducted under control of variations in 
environmental conditions. Four distances 
were tested: 50 cm, 200 cm, 300 cm, and 450 
cm between the user and the camera. 
Additionally, lighting conditions were adjusted 
to represent three categories: bright, 
moderate, and dim. The evaluation involved 
multiple repetitions of each gesture class, 
recorded and processed to determine 
detection accuracy. All experiments were 
conducted using an Acer Aspire 3 A314-22 
laptop, equipped with an AMD Ryzen 3 
3250U processor, 4 GB RAM, and a built-in 
HD webcam. The built-in webcam captures 
1280×720 resolution at 30 fps. No external 
sensors, webcams, or depth cameras were 
used in this study. The experimental scenario 
is shown in Figure 3. The dataset comprised 
of three gesture types under three lighting 
conditions, with each gesture repeated five 
times by ten participants. The code for this 
experiment is built using Python 3.11.3 
version. 

 

 
Figure 2. Flowchart of the proposed system 

 

 
Figure 3. Experimental scenario 

 

Accuracy was calculated as correct 
predictions divided by total attempts 
(Equation 1). A total of 1,500 gesture samples 
were recorded, with 10 participants each 
performing three gesture types—pitch, yaw, 
and roll—under four distances (50 cm, 200 
cm, 300 cm, 450 cm) and three lighting 
conditions (bright, moderate, dim). Each 
gesture was repeated five times per condition 
by each participant. 
 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 (%) =

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠

𝑇𝑜𝑡𝑎𝑙 𝑔𝑒𝑠𝑡𝑢𝑟𝑒 𝑎𝑡𝑡𝑒𝑚𝑝𝑡𝑠
× 100% (1) 

 
 

3. RESULTS AND DISCUSSION 
 
The proposed system was evaluated based 
on its ability to recognize three types of 
rotational hand gestures pitch, yaw, and 
rollunder different lighting conditions and 
camera distances. Testing was conducted by 
ten participants, each performing the 
gestures multiple times at four distances (50 
cm, 200 cm, 300 cm, 450 cm) and under 
three lighting intensities (bright, moderate, 
dim). 
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3.1. Gesture Detection Accuracy 
Table 1 summarizes the average recogni tion 
accuracy of each gesture across all lighting 
and distance variations. The highest average 
accuracy (100%) was consistently achieved 
at 200 cm, regar dless of lighting conditions. 
At 300 cm, accuracy remained high, 
especially for yaw and roll gestures. In 
contrast, 450 cm showed the most 
degradation in recognition, particularly in 
bright lighting, where all gestures failed to be 
detected. The reported accuracy values 
represent the aggregate performance across 
all repetitions and participants for each 
condition. While standard deviation values 
were not computed explicitly, consistent 
results were observed, particularly for yaw 
and roll gestures at close and medium 
distances. Although standard deviation 
values were not computed, future studies 
should include statistical dispersion to 
strengthen reproducibility and confidence in 
the results. 

 
Table 1. Average accuracy of gesture recognition by distance and 

lighting 
 

3.2. Influence of Distance and Lighting 
The system achieved optimal performance at 
50 cm and 200 cm under all lighting 
conditions. As distance increased, perfor 
mance dropped especially in the pitch 
gesture, which showed the most sensitivity to 
poor lighting and greater distance. The 
accuracy decline at 450 cm suggests that 
hand landmarks became too small or unclear 
for MediaPipe to reliably detect, particularly 
under bright or dim lighting where overex 
posure or insufficient contrast can occur. At 
300 cm, performance remained strong, 
notably for yaw and roll. However, pitch 
recognition under dim lighting completely 

failed (0%), while yaw and roll still maintained 
usable accuracy. 
 

3.3. Error Patterns and Gesture 
Robustness 
Among all the test results, the yaw gesture 
demonstrated the most consistent perfor 
mance, achieving high accuracy across 
nearly all environmental conditions except at 
450 cm under bright lighting, where all 
gesture recognitions failed. The roll gesture 
also exhibited strong reliability, with only a 
moderate decline in accuracy under dim 
lighting at the farthest distance. In contrast, 
the pitch gesture characterized by vertical 
hand rotation proved to be the most error-
prone. The system showed a marked decline 
in detection accuracy at 300 cm under dim 
lighting, with complete failure observed 
across all lighting conditions at 450 cm. The 
reduced performance likely stems from 
vertical movements causing occlusion or 
reduced angular contrast between land 
marks. Yaw and roll, on the other hand, 
produce more pronounced lateral motion that 
is easier for 2-D landmark-based systems like 
MediaPipe to detect, even at greater 
distances. These results indicate that detec 
tion accuracy is strongly influenced by 
gesture type, with more visually prominent 
motions being more reliably recognized.   
Compared to deep learning-based gesture 
recognition methods, the proposed system 
achieves comparable accuracy for yaw and 
roll gestures under controlled conditions 
while using significantly fewer computational 
resources. For instance, reported over 95% 
accuracy in indoor settings with CNN models, 
whereas our system achieved 100% 
accuracy at 200 cm across all lighting levels 
using only rule-based classification. Howe 
ver, unlike the deep learning-based methods 
which may generalize better across gesture 
types, our system showed perfor mance 
limitations in detecting pitch gestures at 
longer distances and dim lighting. 
 

3.4. System Implications 
The experimental results confirm that the 
proposed rule-based system is capable of 
accurately recognizing three dimensional 

Distance Lighting Pitch 
(%) 

Yaw 
(%) 

Roll 
(%) 

Average 
(%) 

50 cm Bright 100 100 100 100 

200 cm Bright 100 100 100 100 

300 cm Bright 80 100 100 93.3 

450 cm Bright 0 0 0 0 

50 cm Moderate 100 100 100 100 

200 cm Moderate 100 100 100 100 

300 cm Moderate 100 100 100 100 

450 cm Moderate 60 100 100 86.7 

50 cm Dim 100 100 100 100 

200 cm Dim 100 100 100 100 

300 cm Dim 0 80 100 60 

450 cm Dim 0 60 60 40 
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rotational hand gestures using only an RGB 
webcam and angular analysis of hand 
landmarks. Its simplicity and efficiency make 
it particularly suitable for low-cost, real-time 
applications such as touchless human 
computer interaction in educa tional, 
assistive, or smart control environments. The 
system performed optimally at close to 
medium distances, demonstrating reliable 
accuracy under various lighting conditions, 
especially for yaw and roll gestures.  How 
ever, the system’s performance is highly 
dependent on environmental factors. Gesture 
recognition declined significantly over longer 
distances, especially under extreme lighting 
conditions both overly bright and dim. These 
findings highlight the limitations of relying 
solely on MediaPipe’s 2D landmark detec 
tion, which struggles with small or poorly lit 
features at greater ranges. In addition, 
gesture-specific challenges were observed. 
Pitch gestures proved to be less robust 
compared to yaw and roll, due to factors such 
as partial hand occlusion and reduced 
angular differen tiation in the camera's field of 
view. To improve the system’s robustness 
and generalizability, future work could 
incorporate adaptive thresholding, real-time 
landmark confidence scoring, or lightweight 
machine learning techniques to complement 
the rule-based approach. These enhance 
ments could help compensate for environ 
mental variability and user-specific differen 
ces, making the system more reliable for 
broader applications. 
 
 
4. CONCLUSION AND RECOMMENDATIONS 

4.1. Conclusions  

• This study has introduced and evaluated 
a real-time hand gesture recognition 
system designed to identify rotational 
hand movements namely pitch, yaw, and 
rollusing only a standard RGB webcam, 
MediaPipe, and OpenCV.  
 

• The system employs a rule-based 
approach by extracting angular features 
from hand landmarks, eliminating the 
need for additional sensors or deep 
learning models. This lightweight and 
efficient method enables responsive 

gesture detection suitable for low-cost, 
non-contact applications. Experimental 
results demonstrated that the system 
achieved perfect recognition accuracy 
(100%) for all gesture types at 50 cm and 
200 cm across all lighting conditions. At 
300 cm, the system maintained high 
performance, particularly under bright and 
moderate lighting, although pitch gestures 
showed reduced accuracy under dim 
conditions.  

 

• Performance declined significantly at 450 
cm, with pitch gestures being the most 
affected, especially under bright lighting. 
In contrast, yaw and roll gestures 
remained consistently robust, likely due to 
their more prominent lateral motion and 
better landmark visibility in the camera's 
view. These findings validate the effecti 
veness of the proposed rule-based 
system for recognizing 3D rotational 
gestures in constrained environments.  

 

• The study contributes a simple yet reliable 
solution for gesture-controlled interfaces 
that can be deployed in education, 
assistive technology, and smart systems 
without requiring computationally expen 
sive models. 
 

• Future development will aim to improve 
the system’s adaptability across users 
and environmental conditions. Enhan 
cements such as dynamic thresholding, 
landmark confidence weighting, and the 
integration of lightweight machine 
learning techniques are proposed to 
strengthen gesture classification under 
uncertainty. Moreover, expanding the 
gesture set and supporting continuous 
gesture sequences will further enhance 
the system’s relevance for real-world 
interactive applications. 

 

4.2. Recommendations 

• Uses MediaPipe and OpenCV to extract 
features and classify gestures. This 
method extracts angular features from 
key hand points and classifies gestures 
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using a lightweight, rule-based approach. 
 

• This method is particularly noteworthy 
because it is inexpensive and even 
relatively cost-effective, making it highly 
effective. 
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