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     The offline voice control systems are becoming more prominent in the smart home environment 
because of their ability to deliver quick feedback, preserve the privacy of the user, and be able to 
function even without network connectivity. However, their usage has not been mainstreamed, due to 
restrictions on vocabulary, resistance to noise, and hardware performance. In this paper, the authors 
attempt to provide a critical assessment of the recent developments in offline voice control technology 
in smart homes. On devices with limited resources, it evaluates a variety of datasets, frameworks, 
embedded platforms, and algorithmic enhancements. Moreover, the paper examines the issues linked 
to the growth of vocabulary, audio variability, and privacy, as well as interoperability and compares 
offline and online paradigms in terms of a more detailed analytical framework. Among the emerging 
trends highlighted include lightweight keyword spotting, embedded spoken language understanding, 
neural processing units, and on-device personalization, as being crucial in the evolution of future 
systems. This paper summarizes the current situation and outlines the future trends of the offline voice 
control technologies as it is applicable to smart home usage by synthesizing recent achievements and 
pinpointing the current limitations of the technology. 
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1. Introduction 

Voice control has become an essential part of smart 
homes which allows users to interact with the devices they 
are connected to in an intuitive way. The typical voice 
recognition systems are based predominantly on processing 
via the cloud, thus utilizing the comprehensive 
acoustic/linguistic models and, therefore, leading to high-
quality recognition and large vocabularies [1, 2] . Even 
though this solution provides acceptable performance there 
is a need to have a good internet connection and, in most 
cases, data is sent remotely to servers, and this raises 
question of latency, privacy and reliability. By contrast, 
offline voice control systems process speech directly on the 
embedded devices, they are faster to respond to and operate 

in the face of lack of network connectivity as well they 
provide greater privacy [3, 4] . Offline solutions are 
particularly attractive in the setting where network 
connectivity can be limited or where security is a major 
priority [5, 6, 7]. 

Several disadvantages exist for offline systems. 
Limited memory and computing capacities of traditional 
hardware limit the sophistication of models [8, 9]. 
Vocabulary sizes and adaptability to noisy or adaptive 
acoustic learning are limited, thereby restricting resilience 
to these conditions [10, 11]. Additionally, unavailability of 
cloud service makes updating of the system difficult, 
expands language restrictions, and prevent connectivity to a 
variety of devices. To meet these trade-offs, work has been 
done to develop smaller algorithms, more efficient 
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frameworks, and dedicated hardware that can provide high-
level functionality while using relatively little power and 
memory [12, 13, 14].   

The paper aims to give a detailed and critical analysis 
of off-line voice-control technologies that would be used in 
smart homes. It identifies the key elements needed in the 
development of effective offline systems such as datasets, 
toolkits, embedded platforms, progress in algorithms, and 
performance tests. The paper compares the paradigms of 
offline and online approaches, highlights the ongoing 
problems and addresses the new directions in the field, 
including the key-word spotting, embedded language 
understanding in speech and on-device personalization. The 
aim is to synthesize the recent research to determine the 
present capabilities in this area as well as the prevailing 
gaps.   

The paper is structured as follows: Section 2 discusses 
the technical background whereas in Section 3, the 
description of the main elements of the system is described. 
Part 4 to 7 discuss data sets, frameworks, technology 
innovations, and current limitations. Section 8 provides the 
comparative analysis of offline and online strategies, 
Section 9 discusses the examples of implementation, 
Section 10 considers the system performance, and Section 
11 represents the future perspectives. 

 

2. Review Methodology 
In this paper, the review approach chosen is structured 

narrative in the analysis of recent developments in offline 
voice control systems in the context of smart home 
applications. A systematic search strategy and a qualitative 
synthesis were used to conduct the review which should 
offer an in-depth but concise evaluation of technologies, 
platforms, datasets, and performance trade-offs applicable 
to on-device voice processing. 

This review had inclusion criteria as follows: (i) the 
study had to be offline or on-device voice processing 
without cloud based recognition, (ii) the study had to be in 
smart home or embedded system context and (iii) the study 
had to provide at least one measurable performance metric 
which could be recognition accuracy, latency, power 
consumption or memory footprint. The studies that were 
limited to cloud-based speech recognition, proprietary 
systems with undisclosed evaluation metrics or articles that 
were not related in any way to embedded or smart home 
application were all eliminated. 

After the filtering procedure, the set of studies was 
interpreted and classified on the basis of main system 
components, design dimensions, such as datasets and 
benchmarks, algorithmic methods, in-built structures, 
hardware platforms, and performance attributes. Instead of 
a meta-analysis, the review focuses on qualitative 
comparison and trend analysis, demonstrating that trade-
offs that are common to accuracy, latency, energy 

efficiency, and vocabulary size are common across various 
offline voice control systems. 

The developed narrative method allows synthesizing 
uneven results that are presented in the literature without 
losing clarity as to assessment conditions and system 
limitations. The methodology will guarantee that the 
performance measurements and design data are understood 
within the context of their respective experiments to enable 
the reproducible and balanced comparison of the offline 
voice control technologies to be used in smart homes. 

Peer-reviewed journal articles and reputable 
conference papers that are relevant to the requirements of 
offline voice control, keyword spotting, and on-device 
speech recognition in smart home and edge computing 
environments were prioritized in the selection. Thematic 
grouping, instead of statistical grouping, of system-level 
implementations, model architectures and evaluation 
metrics was done since the main goal was to synthesize 
design trends, performance trade-offs, and practical 
constraints rather than to conduct a quantitative meta-
analysis. 

 

3. Technical Background and Core 
Components 
The proper analysis of the offline voice control systems 

is not possible without the knowledge of the basic 
technologies underpinning their functioning. What these 
systems have in common are a number of closely 
interconnected stages that make up an entire signal-
processing chain which starts with the acquisition of 
acoustic signals and finishes with the execution of local 
commands. It starts with capturing of the sound by using a 
microphone which acts as the main point of contact between 
the user and control mechanism. The audio signal captured 
is then handled at feature extraction stage where different 
characteristics that are frequency- and amplitude-related are 
used to create an informative and succinct representation of 
the speech signal. This is a very crucial step as it prepares 
the data to follow through the further processing of data 
because it highlights the important features at the expense 
of the irrelevant features hence enhancing the recognition 
reliability as well as computational efficiency [15, 16, 23, 
24]. 

After extracting the features, the system then go further 
to the recognition interval whereby key word spotting 
(KWS) algorithms are used to identify the existence of the 
extracted features in relation to the predefined commands 
or activation phrases. KWS is at the heart of the offline 
voice control because it provides the ability to detect wake-
word and issue commands at low levels of latency and 
energy consumption. The current developments of 
lightweight KWS models have played a crucial role in 
securing recognition accuracy on small-sized embedded 
systems. Specifically, small-footprint convolutional neural 
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networks (CNNs) with phoneme-level or phoneme-scale 
decoding strategies have proven to have high potential of 
real-time embedded voice recognition. The phoneme-based 
decoders are however limited by the use of memory and 
computation burden particularly when subjected to low-
resource microcontrollers [17, 18, 25, 26]. 

The development of the offline voice control systems 
in smart-home contexts also requires the choice and 
combination of appropriate hardware platforms. Simple 
voice command applications have been well taken up using 
hardware packages like Elechouse VR V3 using Arduino 
Uno boards that have been shown to be easy to integrate and 
to execute commands reliable. In higher-performance 
applications, dual-core processors can be used, like the 
ESP32, with built-in Wi-Fi and Bluetooth functionality 
available, making it easy to support larger vocabularies and 
more complex recognition pipelines [19, 20, 27, 28 ]. 
Although these platforms may have such benefits, they 
frequently demand more of the effort of the developers as 
complex signal-processing algorithms and numerous layers 
of software libraries are required to realize full utilization of 
their capabilities. 

Wake-word-based architectures also provide additional 
benefits like energy efficiency and system responsiveness 
with the ability of an offline voice control system to hold an 
off-line listening state until a certain activation phrase is 
recognized. It is a very efficient method of saving power 
and at the same time sustaining speedy reaction of the 
system as soon as a valid command is detected, enhancing 
the total user-friendliness and compatibility in long-
duration functioning in smart-home scenario interactions 
[25, 27]. 

The effectiveness of the offline voice control systems 
depends highly on the ambient noise conditions in real-
world deployment. Noise-robustness methods are, 
therefore, crucial in giving credible functionality. Adaptive 
filtering schemes and noise suppression machine-learning 
algorithms are typically used in isolating speech commands 
under background interference to improve recognition 
accuracy and usability of a given system under aesthetically 
demanding conditions [21, 22, 29, 30]. The maintenance of 
good performance in various noise conditions is one of the 
major research problems with an active field in assessment. 

An example of a regular setup of an offline voice 
control system that can be used in smart-home applications 
is shown in Figure 1. Acoustic signals are sampled by a 
microphone and processed by preprocessing and feature 
extraction to come up with compact representations that can 
be processed by embedded systems. Wake-word detection 
is done with a lightweight keyword spotting engine after 
which spoken commands are classified in a local 
recognition engine. The resulting control signals are sent 
directly to target devices so that fully offline operation is 
possible without reliance on cloud-based infrastructure. 

 

 
Figure 1. The standard architecture of an offline voice 
control system designed for smart home applications. 

 

4. Datasets and Benchmarks 
The massive selection of the datasets considerably 

affects the efficiency of the offline voice control systems. 
There is a difference in constraints between embedded 
models for public corpora versus private. Although the 
standard evaluation measures, including accuracy, false 
accept/ reject rates, and area under the curve (AUC), are 
imperative, they fail to evaluate the important trade-offs that 
are critical during embedded deployment. Other measures 
like energy use per inference, memory usage, and airtime at 
high frequencies of wake-word activation are becoming 
important items in embedded metrics which ought to be 
highlighted with other measure items [31].  

The main reference of tiny keyword spotting (KWS) 
models is the Google Speech Commands dataset and plays 
a vital role in impacting the TinyML literature surrounding 
smart home devices. Nonetheless, this dataset is mainly 
made up of brief utterances with relatively clean-speech 
conditions, in fact, it is easy to find a model that performs 
well on such a baseline that reduces in accuracy by 10-25% 
when used in a far- field, reverberant, or multi-speaker 
condition much like someone talking at home [32]. This 
variation indicates that the models used in KWS should be 
subjected to training or modification in terms of real-world 
application as part of laboratory results to optimal by 
considering the additions of realistic noise and room 
impulse-response models to be effective in practice [33]. 

A number of such surveys have covered TinyML in 
varied perspectives. General ideas on TinyML, hardware 
limitations and target deployment issues are captured by 
broad overviews whereas more application oriented use 
case and benchmark issues are captured by the others. 
Unlike those, the given review is not expected to replicate a 
general TinyML survey instead it summarizes and puts into 
context previous results concerning offline voice control 
and keyword spotting systems in smart home settings with 
a focus on system-level trade-offs, privacy concerns, and 
operational constraints. 

 
Speaker-dependent and private corpora may be highly 

accurate on-device when addressing narrow-purpose tasks 
but are poor in generalization and working outside the 
domain. Their pragmatic benefit is that vocabulary 
reduction and the ability to make the acoustic environment 
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controlled, over smaller form factors can enable smaller 
models to have a sub 1MB footprint and yet learn to run at 
acceptable latency. The negative thing is, though, that what 
the data based on such datasets can be compared to across 
systems cannot be simply achieved without unified data 
gathering and assessment measures [34] . A suggested 
solution to success in smart-home systems is a combination 
of such small public corpora to train them with their work 
as the basis and lightweight, on-the-board adaptation steps 
on sample collections within family settings to reduce the 
steps in deployment differences [35]. 

 

5. Frameworks, Toolkits, and Embedded 
Platforms 
The supported frameworks and embedded platforms 

stand as remarkable to the real-life performance of the 
offline voice control systems. Embedded frameworks have 
to balance the entire model accuracy, latency, power 
consumption and memory utilization unlike cloud-based 
solutions where the model complexity is primarily limited 
by the server capabilities [36]. To achieve this balance, in 
most systems event-driven activation schemes are used, 
where the device is in an ultra-low-power mode until a wake 
word is heard after which the mainstream recognition 
processing is initiated. This architecture is good to contain 
the waste of energy and retain the immediate 
responsiveness, yet it has restrictions on the size of the 
models and also on the accuracy of the wake detector which 
may need careful handling on the part of the real-life 
applications [37]. 

Lightweight machine-learning frameworks have been 
specifically designed to alleviate these limitations. An 
example is TensorFlow Lite Micro which allows the use of 
small neural networks with as little as several tens of 
kilobytes of RAM since it does not use dynamic memory 
allocation but instead provides a fixed memory plan. In real-
time voice interactions, predictable latency and simplified 
deployment are vital aspects. In addition, Edge Impulse 
features an upper-level tool chain providing data collection, 
model training and deployment over a wide range of 
hardware, reducing development effort at the sacrifice of 
slightly larger binaries and fewer controls over manual 
optimisation gain [38] . The two frameworks enable 
developers to avoid cloud reliance and still take advantage 
of modern model frameworks, even in resource-constrained 
surroundings [39]. 

The hardware choice also affects the limits of operating 
the system. Other modules like the Elechouse VR V3 are 
simple, packaged solutions which recognise isolated 
commands with the least development effort. Their 
command set is limited to about eighty entries and could be 
sufficient with simple applications to the smart home but 
might not be sufficient with more complex applications 
[40] . Microcontrollers such as the Arduino Uno offer a 

readily available platform upon which you can combine 
these modules but are hindered by the limited computing 
power making it useful when you want a fixed set of 
commands and use it in simple control. It also adds a 
significant boost in capability thanks to its dual-core 
processor and integrated connectivity, allowing for more 
sophisticated signal-processing and greater vocabulary 
support [41]. However, to make proper use of the ESP32, 
specific firmware development and better library choices 
are usually required to extract features, deal with buffers 
and inferences in the most efficient way possible [42]. 

It is evident from these differences that developers will 
have to make trade-offs between easy-to-install turnkey 
modules that require little power, but do not offer flexibility 
and programmable microcontroller platforms that are more 
flexible and easier to control, without complicating 
development. The choice of which framework/hardware 
combination to use depends on matching application needs, 
e.g. vocabulary size and latency goals, privacy requirements 
capabilities with the computational needs. With the ever-
evolving nature of embedded frameworks and the continued 
increase in number and variety of hardware accelerators, 
these trade-offs are moving such that it is now possible to 
implement rather complex model implementations fully 
offline without running out of power and memory [43]. 

 

6. Technological Advances 
Advances in technology have heavily redesigned the 

feasibility of the offline voice-controlled infrastructures in 
smart space. The move toward wholly local calculation 
rather than server-based processing has been inspired by the 
improvement in both hardware and algorithms techniques 
specially created to meet the high requirements of latency 
and power constraints of embedded devices. Time-
constrained microcontrollers require the use of off-the-shelf 
and neurotically optimised processing pipelines due to the 
real-time nature of their use. In contrast to cloud-based 
systems when latency is caused by delivering the network 
transmission, offline systems are required to provide 
recognition and response in milliseconds ranges, but within 
very stringent power constraints often only limited to a few 
milliwatts. The achievement of such a fine balance will 
require detailed optimisation at every stage of the signal 
processing process as well as specialized architecture [44]. 

According to recent works on lightweight keyword 
spotting KWS show that even in a constrained embedded 
system high recognition performance can be attained when 
the system is evaluated under controlled conditions. A 
number of publications note the values of key word 
recognition accuracies of around 92 percent to 97 percent 
with train and test on the Google Speech Commands data 
set with clean or slightly noisy speech, using STM32- or 
ESP32-level microcontrollers and minimal convolutional 
neural network configurations. [45, 57, 60, 61, 69]. These 
are normally obtained by short command utterances, fixed 
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vocabulary, preset decision thresholds, and do not 
necessarily translate to the far-field, multi-speaker, and 
highly reverberant smart-home setting. As a result, these 
precise numbers must be put into the framework of the data 
features, the acoustic environment, and testing procedures 
presented by the respective research.  

related to the introduction of a powerful spoken-
language understanding (SLU) facility. Instead of viewing 
speech recognition and semantic analysis as independent 
processes that rely on high-performance servers, new 
embedded SLU pipelines can implement these two steps on 
limited resource-based devices. Integration allows the 
offline systems to read and follow commands without 
network connection hence allowing robust, personal, and 
real-time control. Embedded SLU is increasingly indicative 
of a larger tendency in low-resource automatic speech 
recognition to provide reference to a larger user expectation 
of natural interface without compromising privacy [46] . 
With the increased availability of microcontrollers with 
special neural accelerators, and advances in model-
reduction algorithms, it is incredibly easy to defuse simple 
KWS systems into complex ASR-SLU pipes based on 
embedded hardware. 

 

7. Challenges and Limitations 
Offline voice-controlled systems have structural issues 

that are based on a tradeoff between vocabulary size, sonic 
integrity, hardware features, privacy, and cross-operability. 
The main limitation is vocabulary limitation. Most offline 
systems allow only a limited number of defined commands 
due to the significant scaling increase of the models and 
processing time related to the expansion of the vocabulary. 
The commonest implementation uses small sets of 
keywords to fit within sub-megabyte memory limits to 
ensure real-time responsiveness; however, this limits in 
effect the user interaction and versatility of the system [47]. 
Increasing the vocabulary usually requires advanced 
compression techniques or edge-cloud architectures, which 
may compromise the system's offline capability [48]. 

The issue of noisiness is one of the critical challenges 
of offline voice-controlled systems. Whereas the current 
and/or filtering methods alongside denoising algorithms 
have enhanced functionality in controlled laboratory 
scenarios, high-fidelity in real-life households habitually 
corrodes collecting and processing with a factor of several, 
owing to simultaneous recurring multiple speakers, 
reverberation, and uncontrolled noisy distractions [49]. 
Adaptive filtering and lightweight convolutional denoisers 
among many are effective against isolated sources of 
interference but not very reliable in multifaceted acoustic 
environments. The ongoing discrepancy indicates that 
currently, the offline systems are yet to achieve such 
acoustic resiliency as that offered by larger ACR models 
based on the cloud, as they use large training corpora and 
neuroadaptive acoustic models [50]. 

All the above challenges are impacted by the hardware 
shortages and processing resource constraints given by 
most microcontroller boards. Many microcontrollers can 
support more profound and complicated model 
architectures. This forces the designers to use small models 
with heavily quantized counterparts that are bound to result 
in a balance between accuracy and efficiency [51]. This can 
be particularly emphasized in situations where the system is 
under stress to deal with longer commands or ambiguous 
speech since the deprived representational depth does not 
allow the processing chain to continue. In spite of that, 
although some gains have been realized, via pruning, 
operator fusion and neural processing unit assisted 
acceleration, the resultant performance disparities are 
measurable [52]. 

Although offline systems have some privacy benefits, 
there is no audio data outside the device limiting some of 
these benefits. Despite local data storage and management, 
transparency of managing firmwares, and protection against 
unauthorized access, end users are worried [53]. Therefore, 
it is inherent that data processing processes, including that 
information stored in a local environment must be 
encrypted and users must have access to metadata regarding 
voice samples that were previously recorded, become 
essential, which will lead to shaping user trust [54]. Also, 
there is the matter of interoperability which is another 
complication. Modern smart-home systems are 
decentralized, and lots of appliances are based on high-level 
proprietary protocols. In offline systems, custom 
configurations or middleware are required therefore, to 
support the communication between the platforms further 
exacerbating the implementation and restricting scalability 
[55]. However, in contrary to cloud-based systems which 
provide integrated APIs that help integrate into the system 
without any difficulties, offline systems do not provide 
unified interfaces, which makes integration processes more 
tedious [56]. 

8. Comparative Analysis: Offline vs Online 
The voice-controlled systems (online and offline) are 

based on significantly opposite principles of design, have 
different trade-offs, and performance features. The 
recognition on the internet is based on large-scale acoustic 
and linguistic models which are managed on the cloud. It 
can provide high vocabulary coverage and high noise 
performance by leveraging huge datasets and utilizing 
remote server processing power [57]. However, it reduces 
unavoidable dependencies on reliable internet connectivity, 
creates latency because of routing data to the network and 
remote processing, and gives recurring concerns over 
privacy since the data of audio must be relayed outside of 
the contextual area and environment of the user [58]. Also, 
operational expenses are higher due to the upkeep of the 
infrastructure of servers which could inhibit accessibility by 
some users [59].  
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On the other hand, offline systems do not require a 
connection to any network to process all audio and to 
therefore avoid network latency along with providing the 
capability to act immediately without a network connection 
as well as allowing an uninterrupted operation even when 
there is no connection to the Internet [60]. This is also able 
to enhance privacy because the information of the user is 
not transferred to third parties [61] . There are serious 
limitations encountered in offline systems however: they 
have lower vocabularies and are built from small models 
that are not always noise robust like their cloud-based 
counterparts [62] . Additional factors that make it 
imperative to minimize the complexity of the model to 
achieve a result that can work within the tight memory and 
power constraints of embedded platforms and hence restrict 
flexibility and adaptability [63] . Accordingly, offline 
systems prove to be especially beneficial when quick 
reaction, resistance to appear disconnected, and authority 
over user data is of primary consideration, or online systems 
are more applicable to the parts where operating in broad 
lexical scope, the alternative interaction open-domain, or 
continuous renewal of content [64]. 

 
Table 1. A Comparative Analysis of Offline and Online 
Voice Control Systems. 

Feature Offline Voice Control 
Systems 

Online Voice Control 
Systems 

Latency Low, commands 
processed locally 

Higher, depends on internet 
connection and server response 

Privacy Strong, no data leaves 
the device 

Weak, user data transmitted to 
cloud servers 

Vocabulary 
Size 

Limited, often restricted 
to predefined commands 

Extensive, dynamic and 
updated continuously 

Noise 
Robustness 

Still challenging in 
many acoustic 
environments 

More robust, benefits from 
large-scale cloud models 

Hardware 
Needs 

Low-power 
MCUs/NPUs, resource-

constrained devices 

Requires stable internet and 
cloud resources 

Reliability Works even without 
connectivity 

Fails if internet connection is 
lost 

Energy Use Optimized for local low-
power operation 

Higher due to data transmission 
and server computation 

Cost One-time device cost, 
no subscription needed 

Ongoing costs for cloud 
infrastructure and services 

 
Table 1 presents complete information on the design 

priorities, privacy level, latency, the number of vocabularies, 
and noise resilience to explain why offline or online 
algorithm is better in specific scenarios. The new 
technological trends gradually bridge the disparage between 
the two paradigms. With the use of low-power 
microcontrollers that have a neural accelerator, offline 
systems can use more advanced models without significantly 
increasing latency and energy consumption. All these 
hardware extensions, combined with better model-
compression techniques and the combination of spokes 
speech language understanding (SLU) pipelines, indicate 

that the advantages of online systems obtained by existing 
means can decrease over time [65] . The choice between 
online and offline architecture will depend more on 
application-specific consideration than the difference of 
technical competence as this convergence proceeds further. 

 
9. Case Studies and Implementations 

Functional examples of application of offline voice 
control demonstrate how frameworks and technologies are 
implemented into practice. A lot of smart-home prototypes 
have already proved the features of providing effective 
voice recognition on embedded devices with no 
involvement in cloud services. Such implementations may 
also include low-power microcontrollers, radio responsive 
audio front ends, and thin recognition models to enable and 
support real time wake-word hardware residency and 
command execution [66].  

Commonly, dedicated voice modules, such as the 
Elechouse VR v3, are integrated with microcontrollers 
running preprogrammed commands, such as the Arduino or 
the ESP32. These systems are also commonly applied in the 
field of access-control and environmental-automation 
applications such as smart locks, lighting control, and heat-
ventilators where low latency and privacy is of primary 
importance [67] . However, the narrow vocabularies and 
preset sets of commands make them work great in 
structured interactions but less adaptive to the dynamic 
environment [68].  

More complex versions make use of models like 
TensorFlow Micro and Edge Impulse, which enables the 
usage of small neural networks on gadgets offering 
constrained neural enablers. Such systems are capable of 
supporting an extended vocabulary and could be more 
accurate in recognition with respect to simple voice 
modules, still viable in entirely offline situations. They are 
considered as one of the most effective tools under security 
and assistance that might not consistently be in touch with 
each other and require a consistent real-time reaction [69].  
The main disadvantage is that such systems are currently 
performed manually to maintain performance in the 
divergent setting of acoustic environment and 
heterogeneous hardware configurations [70]. 

The two key implementation strategies are therefore 
illustrated in the case studies. The former is more focused, 
simplified and with less development requirements, using 
existing readymade modules which offer a common 
command set. The second approach is more flexible but still 
technically challenging to implement employing embedded 
machine-learning structures to obtain excellent 
performance. Both arguments emphasize the importance of 
balancing the application need set with the computational 
and development resources available, and it shows that 
offline systems are being worked into a growing range of 
increasingly diverse uses in smart-home applications- both 
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simple control functions and intelligent conversation. 

10. Performance Evaluation 
Testing offline voice-controlled systems requires 

stringent testing on different performance aspects such as 
accuracy of recognition, latency, energy consumption and 
capability to perform against diverse acoustical 
environments. In contrast to cloud-based systems where the 
quality of models and network conditions are of primary 
importance in the performance analysis, offline systems 
have to find a perfect balance between these parameters 
under strict resource capability requirements. Accurate 
analysis is, therefore, required to achieve the appropriate 
choice of models and platforms that will be adapted to a 
given application of smart home [71].  

Typically, recognition accuracy is measured by the 
word-error rate and command-recognition accuracy metrics 
using standardized data sets, such as Google Speech 
Commands or domain-specific corpora. Lightweight 
models that are implemented on microcontrollers may 
perform similarly (90 to 96 percent in quiet speakers in 
clean-speech environments); however, they fail to perform 
as well in noisy and reverberating conditions. This 
observation illuminates the limitations on capacity of the 
model used and insufficiency of training diversity [72] . 
Latency is also one of the crucial variables because the 
processing of commands must be in real-time so that the 
user experience can be enhanced. By pairing together an 
optimized version of the keyword spotting models with 
efficacious inference engines, it is possible to obtain 
response times of less than 200 milliseconds on platforms 
such as the ESP32 or STM32, which serves as evidence that 
low-latency operation can be achieved even with the most 
tightly strained resource limits [73]. 

Energy consumption is evaluated in relation to the 
amount of power that is needed in continuous listening and 
inference. This is because implementation of event-based 
activation and activation of on-chip preprocessing 
significantly consumes less energy, which makes devices 
have longer durations of time when they are powered by 
batteries. Indicatively, systems that couple low-power 
microphones to optimised inference pipelines have shown 
power consumption of less than 50-milliwatts in active 
recognition, which makes them useful as always-on 
systems. However, both energy requirements and power 
consumption increase dramatically when bigger models, or 
more feedstock controlled by continuous ASR, are enabled, 
especially with general-purpose microcontrollers [74]. 

The strength is tested through assessing performance in 
a variety of acoustic conditions, such as, multiple-speaker 
setting, silent background, and mobile microphone-speaker 
distance and tasks. Such circumstances often lead to 
performance variability of offline systems due to the 
insufficient size of the current model of acoustic features 
and the absence of noise-adaptation strategies of huge scale 
that cloud-based systems rely on [75].  

Table 2  gives an overview of standards in the literature 
of various offline voice-control designs using diverse 
framework and hardware platforms.  

 
Table 2. Typical Performance Metrics for Offline Voice 
Control Systems. 

Platform / 
Framew-

ork 

Accura-
cy 

(Clean) 

Accura-
cy 

(Noisy) 

Laten-
cy 

(ms) 

Power 
(mW) 

Vocabula-
ry Size 

Referen-
ce 

Elechouse 
VR V3 + 
Arduino 

90–92% 70–80% 100–
150 <30 ≤80 

commands 48 

ESP32 + 
TFLM 93–96% 78–85% 150–

200 40–50 100–200 
words 61, 69 

STM32 + 
Edge 

Impulse 
91–95% 75–83% 180–

250 35–45 100–150 
words 69, 70 

Cloud 
Baseline 
(Online) 

97–99% 95–98% 300–
500+ N/A Extensive 75 

Note: Reported metrics are obtained out of the native 
studies and cannot be directly compared because of the 
differences in datasets and evaluation protocols. Values are 
also typical ranges obtained out of literature and can change 
based on the choice of a dataset, acoustic environment, the 
size of the vocabulary, and hardware settings. Public 
datasets that include Google Speech Commands under 
controlled settings will tend to give clean accuracy values 
whereas noisy accuracy represents the phenomenon of 
performance under noise-enhanced or real-world conditions 
that is reported in the referenced studies. 

Such findings suggest that, despite the general low 
noise sensitivity and smaller vocabulary selection on offline 
voice control systems as opposed to cloud-based ones, their 
latency and energy consumption levels are very 
competitive. This is why offline methods should be 
considered especially appropriate to the smart home setting 
where providing privacy and continuous service is essential. 
The given variation in the performance of the different 
platforms and architectures further indicates that the 
computational architecture, model optimization techniques, 
and processing constraints are more determinants of the 
system performance than speech recognition model. 

 

11. Future Directions 
A coordinated combination of building technologies, 

computer acceleration, and intelligent education techniques 
is functioning towards the predicted future development of 
the offline voice-control frameworks. Wake detection, 
which directly affects responsiveness and usage power, has 
stayed as one of the greatest issues. New innovations have 
shown consistent recognition with few training samples up 
to 25 in each category, and eliminating the need for cloud-
based retraining in the cloud [76] . Such techniques as 
transfer learning with small-sized models, and aggressive 
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quantization, helpful in this regard make the difference 
between the memory and base requirements and meet the 
accuracy criteria. As a result, extensive customization is fast 
and attended by these tools to suit a wide range of acoustic 
conditions, user groups or languages, which individualizes 
offline systems to be much more feasible at scale [77]. 

Hardware trends are also very relevant. Recent low-
power microcontrollers featuring Neural Processing Unit 
(NPU) can be used to directly execute more advanced 
models in embedded space. Unlike digital signal 
distinguished DSP based algorithms, NPUs can operate the 
quantized neural-network operations on fixed volumes of 
data concurrently, allowing complex keyword -locating 
maps to operate under stringent performance requirements 
that include both latency and power [78]. This is made to 
give offline systems the ability to expand their vocabularies, 
to include more wake-word acts, as well as to defeat simple 
multilingual support without filtering cloud infrastructure 
[79] . All these enhancements significantly improve the 
performance difference compared to online systems making 
offline solutions a more appropriate solution in real life 
situations requiring both stability and freedom. 

The field of embedded learning is one of focus. These 
systems monitor the voice, accent, and other changes of a 
certain person without sending any audio information to 
other servers, which contributes to increased privacy and 
scalability over time in the face of new circumstances of 
background noise and speaking styles [80]. However, feats 
like careful management of memory bandwidth, 
computational demands and stability are critical to on-
device learning to alleviate difficulties like catastrophic 
forgetting. This is still a dynamic research area in which 
model architecture, learning algorithms on an incremental 
basis, and hardware potentials need to be balanced together. 

It is based on these developments that the future can be 
suggested to be one where the offline systems not just) 
simplify their online analogs. Instead, they will become 
purpose designed intelligent agents that recreatively change 
user privacy, as well as being reliably operated even on 
resource limited environments. The intersection between 
effective model structures, dedicated hardware and custom 
enabling features will be the keystone to the realization of 
this vision and will collectively become the next generation 
of offline voice-control systems. 

 

Conclusion 
Smart-home systems have made offline voice control an 
important part because of its benefits of having high 
privacy, low latency and does not require network 
connectivity. In this review, the fundamental elements, 
architectures, and design of constraints of an offline voice-
controlled smart home have been considered, focusing on 
the aspects of accuracy, latency, energy use, and noise 
resistance. The paper brings together the conclusion of 

synthesizing the results across models, hardware platforms 
and deployment strategies to point out how the performance 
of system is dominated by architecture decisions, and 
optimization methods rather than the complexity of the 
model selections. Analysis The analysis gives practical 
recommendations on how efficiency and privacy-
conservative voice interfaces can be designed on 
constrained edge devices. 
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