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1. INTRODUCTION

Human-robot interaction (HRI) plays a significant role in various sectors, including healthcare and
HRI. One notable application is assistive robots that utilize artificial intelligence (Al) to provide emotional
support in elderly care settings [1], [2]. HRI has advanced considerably with the integration of Al
technologies. For instance, natural language processing (NLP) technologies have enabled seamless
communication with users across diverse accents, languages, and speech patterns [3]. Additionally, computer
vision technologies facilitate the recognition of human gestures and expressions, allowing for more natural
interactions [4], [5]. Future developments in HRI are expected to incorporate multi-modal interaction
capabilities, combining speech, gestures, facial expressions, and touch, to enable even more natural and
intuitive interactions.

Facial expression recognition (FER) lightweight models can be categorized into two classes:
regression models and classification models. This study focuses on classification models, which are
considered to be more reliable. A comparison of different models conducted by other researchers is shown in
Table 1. Based on this table, the success rate of FER detection among various lightweight models ranges
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from approximately 55% to 57% for TensorFlow Lite (TFLite) models. The highest success rate observed
was 56.89%, achieved using a TFLite model with the MnasNet network [6].

Table 1. The comparison of different lightweight models [6]
Batch  Dropout  Optimizer LR Success rate (%)

Model TE TFLite
MnasNet A=1.5 D=3 None Adam 0.0001 56.864 56.889
EfficientNetBO None SGD 0.01 56.164 56.164
MnasNet A=1.0 D=7 None Adam 0.0001 55.989 56.014
EfficientNetBO None Adam 0.001 55.914 55.939
EfficientNetBO None Adam 0.001 55.689 55.689
DenseNet121 None Adam 0.0001 55.639 55.639
EfficientNetB1 None SGD 0.01 55.489 55.489
EfficientNetB0 None Adam 0.001 55.264 55.264
MnasNet A=1.0 D=3 None Adam 0.0001 55.114 55.114
EfficientNetBO None SGD 0.01 55.089 55.089
MobileNetV2 0.2 Adam 0.001 54.839 54.839

GhostNet
MnasNet A=1.0 D=1

None Adam 0.0001 54.714 54.714
None Adam 0.0001 54589 54.564

= [
S oombE 55 0o s oo~ mooo oo o

MobileNetV3Large A=1.25 0.5 Adam 0.001 54.489 54.389
EfficientNetV2B1 None SGD 0.01 54.464 54.439
MobileNetV3Large A=1.25 0.2 Adam 0.001 54.364 54.339
EfficientNetV2B0 None SGD 0.01 54.264 54.239
SqueezeNet C=1.0 0.2 Adam 0.0001 54.139 54.114
EfficientNetV2B1 None SGD 0.01 54.064 54.039
MobileNetV3Small A=1.25 0.5 Adam 0.001 53.963 53.938

Meanwhile, robot applications have become indispensable in various sectors, particularly within
mental health, education, and services [7]-[11], due to their dedicated functionality and resource efficiency.
The demand for lighter, more efficient models suitable for robotic applications has led to innovative solutions
such as the local sliding window attention network (SWA-Net), which achieves an accuracy of 90.03% on
RAF-DB datasets [12], and recent transformer-based FER approaches, such as the attentive pooling vision
transformer by Xue et al. [13], report an accuracy of 89.94% on the RAF-DB dataset, showing strong
generalization in real-world scenarios. These advancements deliver impressive results despite reduced model
sizes and resource demands.

Another important component of the FER model is the datasets used for training. Based on the
study, there are multiple types of datasets available for training FER models. One of the most commonly
used benchmarks is FER 2013 and its extended version, FER+ [14]. FER+ datasets are considered cleaner
and can provide better accuracy. Additionally, the CK+ dataset [15], originally comprising video sequences,
has been adapted by some researchers into 48x48 grayscale images for use in image classification training.
FER+ has demonstrated good accuracy in pooling vision transformer research, achieving a validation
accuracy of 89.94% [13]. Meanwhile, the CK+ dataset is one of the best, offering an accuracy of 100% [16].
The high accuracy of the CK+ dataset can be attributed to the consistency of the data in image classification.
FER+ also benefits from being a clean version of the FER 2013 dataset [17], with some noise removed. The
noise in the data can be seen in Figure 1.

Figure 1. The noise in the FER 2013 datasets

The implementation of lightweight FER models on different mobile devices has been widely
studied, with multiple models being deployed across various mobile platforms, as illustrated in Table 2 in the
practical review [6] of the FER system in the Figure 1. While in the microcontroller, it has high capability in
real time application embedded in therapeutic systems [18]. However, the integration of these models into
real robots still requires testing to evaluate their performance in real-time detection and the accuracy of FER
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in a real-time environment. Currently, the application of FER on the Temi V3 robot is still under exploration,
as there is limited research on its use in real-life implementations. In FER systems for mobile devices or
smartphones, evaluation metrics include latency in milliseconds. Additionally, assessing the accuracy of the
models during implementation involves comparing the model's output with actual human emotions. These
assessment metrics determine the efficiency of the model's processing during interactions with humans and
evaluate the model's reliability in real-life implementations.

Table 2. Testing of different model on different android device [6]

Model Size (MB) Device latency (ms)
ZenFone5 Pixel 6 Galaxy A40  Raspberry Pi 4

DenseNet121 15.39 663 171 751 3298
EfficientNetBO 24 87 29 79 333
MnasNet A=1.0 D=1 5.77 104 39 86 461
MnasNet A=1.5 D=3 12.24 249 66 227 562
MobileNetV2 6.76 94 37 106 472
MobileNetV3Large A=1.0 MINI 4.6 74 28 78 402
MobileNetV3Large A=1.0 7.6 83 32 91 746
ShuffleNet CH=64 0.78 76 36 84 74

ShuffleNet CH=128 1.82 177 70 170 186
ShuffleNet CH=200 341 351 152 341 338
ShuffleNetV2 SF=0.5 4.47 57 25 63 1257
ShuffleNetV2 SF=1.0 9.66 164 60 142 1270
ShuffleNetV2 SF=1.5 17.66 268 74 253 1321
SqueezeNet C=1.0 241 92 38 94 397

The Temi V3, illustrated in Figure 2, is an advanced service robot featuring smart path planning,
face tracking, NLP, text-to-speech (TTS), speech-to-text (STT), and camera capabilities. While the robot
supports various customization approaches, this study focuses on android application development by
integrating the existing software development kit (SDK) provided by Temi. The android application was
installed on the Temi V3 using the android debug bridge (ADB) [19], enabling seamless deployment and
optimization of the robot’s advanced functionalities to align with the objectives of the research.

Figure 2. Robot Temi V3

In this paper, the author will contribute to a FER model using a combination of the FER+ dataset
and CK+48 dataset, employing the TensorFlow framework and the pre-trained MobileNetV2 [20] network.
The paper's contributions include developing and optimizing an android application for implementation on
android devices and the Temi V3 robot. The android application will be developed using the Robot Temi
SDK [19] and OpenCV API [21] for real-time detection. Optimization efforts will focus on establishing
guidelines for developing an optimized android application. It will begin with background information and
research on the implementation of lightweight models in android systems, along with the development of
models using the TFLite framework [22]. Following this, the paper will detail the methodology and approach
used to implement the FER model into a custom android application, as well as the approach employed to
collect and analyze real-time detection data using the FER system on the Temi V3. The subsequent section
will present the results of the performance analysis and offer optimization suggestions for app development
to enhance the backend. Following this, the paper will discuss the testing of the FER system on the Temi V3,
focusing on controlled subjects and environments. Finally, the author will conclude the findings and suggest
improvements and directions for future development.
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2. RESEARCH METHOD

This section explains the methodology adopted in this study in detail. It begins with an introduction
to the custom FER TFLite model, the android application integration with the custom TFLite model, and the
approach used to collect data for controlled subjects for the real-time detection test.

2.1. Facial expression recognition TensorFlow Lite model

The datasets used to train the FER model were a combination of the FER+ [14] and modified CK+
[15] with the specification of 48x48 in grayscales datasets. Together, they contain 8.159 black-and-white
(grayscale) photos with a resolution of 48 by 48 pixels. For training and testing, the dataset is divided into
two sets: 7.343 photos for training and 816 photos for testing. The images represent seven fundamental facial
emotions: anger, fear, sadness, neutrality, happiness, surprise, and disgust. The number of images varies
across these seven distinct emotion categories. Figure 3 illustrates the proposed model architecture for the
FER system. The input layer receives pre-processed grayscale facial images of size 48x48 pixels, which are
then resized to 96x96 and converted to RGB format to match the input requirements of the pre-trained
MobileNetV2 [20] model. This model, with include top=False, serves as a powerful feature extractor. An
attention layer is applied to enhance the model’s focus on salient facial regions. The extracted features are
then passed through a global average pooling (GAP) layer to reduce dimensionality. To mitigate overfitting,
two Dropout layers with a dropout rate of 0.5 are used. A fully connected dense layer with 128 units and
ReLU activation introduces non-linearity, followed by a final dense output layer with a sigmoid activation for
binary classification. This architecture enables the model to predict one of two facial expression classes. The
trained model is later converted to TFLite [22] format to enable efficient deployment on edge devices.

Input (48x48<1) @
Resize to 96x96

Convert to RGB

MobileNetv2
(pretrained,
include_top=False)

Global Average
Pooling

@

Dense(128,
activation="relu’)
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activation='sigmoi
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o

Figure 3. The FER model networks

2.2. Android application for facial expression recognition

The FER system design in android Studio, as illustrated in Figure 4, begins with initialization using
the Haar Cascade model and OpenCV [20] to detect the presence of a face on the screen before determining
the expression. The developed model is a single-output system, producing outputs in the range of 0 to 6.5,
with each range corresponding to a specific emotion classification. This system was developed in android
studio to facilitate implementation on multiple devices. The application consists of three main activities:
MainActivity, CameraActivity, and FacialExpressionActivity. The MainActivity serves as the landing page,
featuring a button that navigates to the CameraActivity and FacialExpressionActivity for real-time FER
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detection. The interface for the MainActivity is shown in Figure 4(a) on the left. Meanwhile, the
CameraActivity and FacialExpressionActivity handle real-time face detection and FER processing, as
depicted in the flowchart in Figure 5, with their interface displayed in Figure 4(b) on the right. The
development of the application was guided by the RoboTemi documentation [19], OpenCV documentation

[21], and android developer documentation [23], [24].

@

Figure 4. The application view for; (a) MainActivity and (b) CameraActivity and FacialExpressionActivity
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Figure 5. The flowchart for android application developed on android studio
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2.3. Data collection on performance analysis

The algorithm underwent systematic evaluation across diverse devices, including the Temi V3 and
the Samsung Galaxy A52 2021. The Temi V3 is equipped with an ARM Hexa-Core processor and 4 GB of
RAM [25], [26], while the Samsung Galaxy A52 2021 features an Octa-Core CPU (2x2.3 GHz Kryo 465
Gold & 6x1.8 GHz Kryo 465 Silver), 8 GB of RAM, and an Adreno 618 GPU [27], [28]. These evaluations
aimed to assess performance metrics such as latency and computational efficiency, ensuring the algorithm's
compatibility and effectiveness across different hardware platforms.

The testing procedure for the algorithm involved initializing the program on the specified devices,
followed by a continuous run duration of approximately twenty minutes. Participants positioned themselves
in front of the camera and interacted with the devices to test the FER system. They navigated to the main
page and accessed the FER system by activating the designated button within the application. Additionally, a
non-detection scenario was tested by having participants exit the camera frame, ensuring no subject remained
within its boundaries while the FER system continued to operate.

This evaluation aims to assess power, CPU, and RAM consumption to guide application
optimization for backend deployment. RAM usage is measured under two conditions: non-detection (no user
in frame) and detection (user present), helping identify opportunities to release unnecessary activities and
reduce memory load. CPU consumption is analyzed to understand its impact on system latency, with
comparisons between two devices offering insights based on hardware capabilities. Power consumption is
also evaluated to minimize energy usage during continuous operation, ensuring the application remains
efficient when running in the background of android systems.

2.4. Data collection on controlled settings

In this study, the data collection was done for controlled settings (well lighted room) as illustrated in
Figure 6. The line of sight of the subject will face the screen of Temi V3 as in Figure 6(a), while in some
cases, there are differences in the height, the Temi V3 screen will tilt to make sure the line of sight of the
subject faces the screen as shown in Figure 6(b).

SCREEN TILT Autonomous face tracking screen tilt
Brushless DC motor with planetary gear for
high accuracy and quiet operation

Motion range - 15°~455¢

(b)

Figure 6. Data collection setup; (a) the controlled settings for data collection and (b) Temi V3 capabilities for
face tracking based on different human height

3. RESULTS AND DISCUSSION
This section will detail the results obtained from the study, divided into system optimization and
analysis, FER TFLite model result, and FER real time detection testing on controlled subjects.

3.1. Lightweight facial expression recognition model

The lightweight model developed using the network described in the methodology achieved a
validation accuracy of 92.86%. This accuracy is considered fair when compared to previous studies, such as
the validation accuracy of 89.94% was reported by Xue et al. [13] using a transformer-based model, and the
CK+ dataset, which reported a validation accuracy of 100% [16], [29], [30].
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3.2. Android application performance analysis and optimization (Temi V3 vs Samsung A52 2021)
3.2.1. CPU performance

The Temi V3 CPU performance peaks at 30% usage, demonstrating efficient operation comparable
to standard applications. Figure 7 illustrates intervals of idle CPU usage, coinciding with periods when FER
activity ceases after participants discontinue detection. These findings suggest that the FER system can
effectively operate concurrently with other applications, delivering feedback based on FER mode decisions.
The CPU is inversely proportional to the latency of the application. Meanwhile, the Samsung A52 exhibits a
peak CPU consumption of 31%, as depicted in Figure 7(b), which is comparable to the performance of the
Temi V3. Notably, CPU usage drops almost to zero when the activity is terminated, such as when a
participant returns to the main page. Notability happens in the Temi V3 as in Figure 7(a). The CPU power is
inversely proportional to the latency of the application. By knowing this, power optimization can be done by
destroying the activity and navigating it to Main Activity when there is no FER detection happening.

cPU CPU
10
00:01:02.607

3%

00:54.544
H30%

(@) (b)

Figure 7. CPU performance of; (a) Temi V3 and (b) Samsung A52

3.2.2. Memory consumption

Figure 8 shows the RAM consumption for Temi V3 and Samsung A52. The Temi V3 exhibits a
peak RAM usage of 720.4 MB out of its available 4 GB, as depicted in Figure 8(a). This peak occurs notably
when participants move out of frame or distance themselves from the device, underscoring the need to
optimize the application to trigger FER selectively, such as by using a button or detecting a face in front of
the camera. Meanwhile, Figure 8(b) displays the memory consumption of the Samsung A52 during FER
system operation. Peaks in the graph occur when participants move out of frame or distance themselves from
the device, requiring increased processing memory to detect facial expressions. These issues can be
overcome by destroying the activity and navigating it to Main Activity when there is no FER detection
happening.

MEMORY
1G8
00:01:44.770

00:35.004 T339MB

720.4 MB

51208

(@) (b)

Figure 8. Memory consumption; (a) Temi V3 and (b) Samsung A52

3.2.3. Energy consumption

Energy consumption data, illustrated in Figure 9, is crucial for optimizing battery usage during
application development. Intervals of no battery consumption coincide with the cessation of FER activity,
suggesting that effective management of FER activity can significantly extend the Temi V3's battery life as
shown in Figure 9(a). In contrast, Figure 9(b) depicts the energy consumption of the FER system on the
Samsung A52, showing moderate power consumption at its peak. Similar to CPU usage, energy consumption
decreases significantly when the FER activity stops, as shown in Figure 9(b).
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Figure 9. Energy consumption; (a) Temi V3 and (b) Samsung A52

3.2.4. Optimization

Meanwhile, the latency of each device is as follows: Temi V3 with 120 ms and Samsung Galaxy
A52 2021 with 92 ms. Based on the data presented, optimizing the FER system implementation can be
achieved through several key characteristics. First, conditional activation ensures the FER system is only
active when a face is detected, utilizing models like OpenCV or a button-triggered mechanism to initiate it.
Second, Resource Management is critical, requiring proper termination in the application code to prevent
unnecessary power, RAM, or CPU consumption during idle periods. Lastly, device performance highlights
efficient latency and operational effectiveness on both the Temi V3 robot and Samsung Galaxy A52,
effectively managing CPU, RAM, and energy usage. Further considerations for developing the FER system
in an android application include addressing noise issues that arise when users are distant from the device's
camera, positioned outside the frame, or when no face is detected. These challenges can be effectively
managed by integrating a face detection model into the backend of the android application, ensuring that the
FER system activates only upon detecting a face [31], [32].

To conclude this part of the results, performance analysis was conducted to optimize the activity
lifecycle management (such as activity creation and destruction) in Java-based android application
development. The analysis revealed an inverse relationship between CPU quality and application latency:
better CPUs result in lower latency. Despite the varying CPU performance, overall CPU consumption
remains constant, as the application is the same. The comparison between the Samsung A52 and Temi V3
devices was undertaken to observe the success of optimization efforts. Further testing of real-time FER
detection on the Temi V3 is planned to assess the model's accuracy in real-time scenarios [33], [34].

3.3. Controlled subject data collection

The FER system demonstrated variable performance across 30 subjects in a controlled environment,
as illustrated in Figure 10. The system achieved an average accuracy of 82.28%, with individual subject
accuracies ranging from 39.13% to 100%. Notably, five subjects (18, 21, 22, 23, and 30) exhibited perfect
recognition rates, while the majority (approximately 20 out of 30) showed accuracies above 80%. However,
the system struggled with a few subjects, particularly subjects 4, 5, and 14, where accuracy fell below 70%.
This wide performance range suggests that while the FER system is highly effective for most subjects, it may
be sensitive to individual facial characteristics or expression nuances. The presence of both perfect scores and
significantly lower accuracy highlights the need for further investigation into the factors influencing
recognition accuracy. These findings underscore the importance of refining the algorithm to enhance
consistency across diverse subjects, potentially through improved feature extraction or the incorporation of
adaptive learning techniques to account for individual variations in facial expressions.

The FER system demonstrated varying levels of accuracy across different expressions when tested
on 30 subjects in a controlled environment. As illustrated in Figure 11, the system excelled in recognizing
happy (92.28%) and neutral (91.82%) expressions, showed moderate performance for sad (75.89%), and
struggled with angry (61.42%) and surprise (46.18%) expressions. The overall average accuracy was 73.52%.
These results highlight a significant disparity in the system's ability to detect different emotional states, with
particular challenges in distinguishing between surprise and anger. The high accuracy for happy and neutral
expressions suggests robust performance for these common states, which is promising for many real-world
applications. However, the lower accuracy for angry and surprise expressions, along with reported instances
of misclassification between sad/angry and neutral expressions, indicates areas requiring improvement. These
findings underscore the need for further refinement of the FER algorithms, especially in differentiating between
easily confused expressions, to enhance the system's reliability across a broader range of emotional states.

However, there were challenges noted in the recognition of surprise and anger causing the accuracy
to be low, which sometimes confused with each other. Specifically, angry expressions were occasionally
mistaken for sad or surprised, and vice versa. Additionally, misclassifications of sad and angry expressions
sometimes resulted in a neutral facial expression.
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Figure 10. FER detection accuracy for 30 subjects
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Figure 11. FER detection accuracy for 5 different expressions

4. CONCLUSION

The study aimed to evaluate the performance of a FER system on mobile devices and the Temi V3
robot, focusing on accuracy, latency, and real-time applications. The FER system achieved a validation
accuracy of 92.86%, surpassing the Vision Transformer model’s 89.94% accuracy. Performance analysis
revealed that CPU power is inversely proportional to application latency, highlighting the need for
optimization techniques to enhance power efficiency and RAM management in android applications. The
optimization suggestion had been proposed in the result to further optimize the android application
developed. This paper has presented the preliminary result on the test of the android application developed
into Temi V3 on the controlled subject. This part of the result will be further discussed on the continuation of
this paper.

For future work, expanding the testing of the FER system across a broader range of model
architectures, including MobileNetV2, MobileNetV3, and EfficientNet, is recommended to evaluate trade-
offs between accuracy and resource efficiency. Incorporating larger and more diverse datasets, such as
AffectNet will help improve the generalization of the model across age groups, ethnicities, and lighting
conditions. Further, the adoption of TensorFlow Lite and other lightweight deployment frameworks should
continue to be explored for optimizing inference on edge and embedded systems. Future efforts may also
involve benchmarking the FER system on additional embedded platforms such as Raspberry Pi, Edge TPU,
or NVIDIA Jetson Nano to assess cross-platform performance under real-world constraints. This would
enable the development of more robust, adaptive FER systems capable of handling variable environments.
These improvements will enhance the system'’s reliability and usability across application domains such as
assistive robotics, emotion-aware learning environments, and mobile security systems. The findings of this
study lay a solid foundation for such advancements, underscoring the transformative potential of FER in
enabling more responsive and intuitive HRI.
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