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Abstract: Brain-computer interfaces (BCIs) enable communication by directly decoding neural activity into 
comprehensible output forms. These interfaces can be broadly categorized into brain-to-text, brain-to-speech, 
and brain-to-image modalities. Brain-to-text BCIs translate neural activity into written text, facilitating 
communication without speech or physical interfaces. Brain-to-speech BCIs decode neural signals to 
synthesize spoken language, preserving personalized features such as tone and prosody, thereby enabling 
expressive communication. Brain-to-image BCIs reconstruct visual stimuli or imagined images from neural 
activity, providing a non-verbal channel for expressing complex concepts visually. This review synthesizes 
recent advancements, identifies ongoing challenges, and highlights the significance of these developments, 
emphasizing the potential to significantly improve communication and quality of life for individuals with 
severe motor impairments. Future work should explore minimally invasive implantation techniques, 
potentially combining benefits of invasive and non-invasive methods, to balance communication accuracy 
with user safety and accessibility. 

1 Introduction  
Effective communication is a fundamental aspect of 
human interaction, facilitating the exchange of ideas, 
emotions, and intentions across diverse social and 
professional contexts, from informal conversations to 
structured dialogues in meetings and conferences. 
Nevertheless, individuals experiencing severe motor 
impairments, such as those resulting from amyotrophic 
lateral sclerosis (ALS) or locked-in syndrome (LIS), 
encounter significant communication barriers. These 
conditions can lead to paralysis by damaging neural 
pathways responsible for transmitting motor signals 
between the brain and peripheral muscles, severely 
restricting speech production and the ability to manipulate 
conventional assistive communication devices[1, 2, 3]. To 
address this challenge, brain-computer interfaces (BCIs) 
have been developed to restore communication by 
directly translating neural activity into different forms of 
output[4, 5, 6]. 

BCIs are classified into invasive and non-invasive 
types, each with distinct advantages and limitations. 
Invasive BCIs require surgical implantation of 
intracortical microelectrode arrays or 
electrocorticography (ECoG) grids directly into the brain, 
providing high-SNR, high-resolution recordings, 
including single-unit activity[7, 8]. They have been 
applied in areas such as motor restoration, speech 
decoding, and brain-to-text communication [5, 6, 9]. 
However, they pose significant disadvantages, including 
surgical risks, potential immune responses, electrode 

degradation, and the need for long-term maintenance and 
recalibration [10]. In contrast, non-invasive BCIs record 
neural activity using external sensors such as 
electroencephalography (EEG), 
magnetoencephalography (MEG), and functional 
magnetic resonance imaging (fMRI), eliminating the risks 
associated with surgery and making them more accessible 
and scalable for broader applications [11, 12]. However, 
these systems suffer from lower signal resolution, limited 
frequency bandwidth, and significant interference from 
scalp and muscle artifacts, reducing their accuracy and 
real-time decoding capabilities[10].  

Despite the inherent limitations of both invasive and 
non-invasive BCI methods, these technologies are driven 
by the fundamental human need to communicate [13]

. 

One application of this concept is brain-to-text 
communication, wherein brain activity is decoded into 
written text [5, 14]. Such brain-to-text BCIs could enable 
a user to compose emails or communicates during a text-
based chat by thought alone. Beyond text-based 
communication, researchers are developing brain-to-
speech BCIs that directly generate speech with 
personalized features such as tone, prosody, and voice 
characteristics from brain activity [2, 15, 16]. The brain-
to-speech BCIs bypass the need for any typing interface 
by aiming to restore the full richness of spoken 
communication, providing an efficient and expressive 
channel for interaction [17]. Furthermore, brain-to-image 
BCIs aim to translate brain activity into visual content [4, 
18]. This emerging modality would allow users to 
externalize mental images or concepts as pictures, 
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offering an alternative avenue for expression and 
creativity beyond verbal language [19].  

All three of these brain-driven communication 
systems hold particular significance for individuals with 
severe motor impairments, who could regain crucial 
channels of interaction that were otherwise lost [20]. As 
shown in Figure 1, communication BCIs can be broadly 

organised into three major modalities—brain-to-text, 
brain-to-speech, and brain-to-image—each involving 
distinct methods, decoding algorithms, and applications. 
This review examines the current progress and future 
challenges associated with these three communication 
modalities.

 

Figure 1.Overview of communication BCIs. 

The figure illustrates three major types of 
communication BCIs–brain-to-text, brain-to-speech, and 
brain-to-image–together with their core methods, 
decoding algorithms, and applications. A portion of the 
illustration was conceptually generated using ChatGPT 
(OpenAI). 

2 Brain-to-text BCIs 
Over the past decade, brain-to-text BCIs have advanced 
significantly, aiming to restore communication for 
individuals with speech and motor impairments by 
decoding brain signals into textual representations. To 
achieve this, brain-to-text BCIs utilize different 
approaches, including cursor control-based interfaces 
[14], handwriting decoding [5, 21], speech-to-text 
conversion [22-27], phoneme-to-text translation [28], and 
Semantic-to-Text [29]. With these advancements, brain-
to-text BCI accuracy and output speed have remarkably 
improved in the decade. Initial systems achieved 36% 
phoneme classification accuracy  with an output speed of 
33.6 words per minute [28], while modern intracortical 
BCIs have reached 97.5% accuracy [27] and an output 
speed of 90 characters per minute [5]. One of the key 
drivers behind this progress is the advancement of 
intracortical microelectrode array technology. 
Traditionally, ECoG-based BCIs use high-density 

electrode grids placed on the surface of the cerebral cortex 
to record population-level neural activity [22, ,23]. In 
contrast, intracortical BCIs surgically implant one to four 
microelectrode arrays directly into the cortical tissue, 
enabling access to single-neuron spiking activity and 
supporting significantly higher decoding accuracy and 
output speed [5, 14, 27]. Beyond invasive methods, non-
invasive fMRI-based BCIs have been explored. For 
example, Tang developed an fMRI-based system that 
reconstructs perceived, imagined, and silent video-
induced speech using a semantic-to-text approach. In 
addition to improvements in accuracy and speed, recent 
research has increasingly focused on stability and long-
term usability. Traditional BCIs typically required 
frequent recalibration to maintain performance, posing a 
barrier to clinical deployment. To address this, Fan  
introduced a self-recalibrating intracortical BCI that 
maintained 93.84% accuracy over 403 days without 
supervised recalibration by using pseudo-labels for 
continual online learning. Collectively, these 
developments have been closely coupled with the 
evolution of brain-to-text BCI algorithms toward deep 
learning networks. 

Deep learning-based algorithms significantly 
outperform traditional statistical models. Traditional BCI 
systems relied on probabilistic classifiers such as Hidden 
Markov Models (HMMs) and Linear Discriminant 
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Analysis (LDA) to map neural signals to text [14, 25]. 
However, HMMs are computationally and memory-
intensive, which limits their efficiency—particularly on 
resource-constrained platforms—unless extensive 
optimization strategies are applied [30]. LDA, as a linear 
classifier, is not well-suited for handling nonlinear neural 
data, which limits its effectiveness in capturing the 
complex patterns of brain activity [31]. In contrast, deep 
neural networks, particularly RNNs, have demonstrated 
superior performance by capturing complex temporal 
dependencies in neural signals and enabling end-to-end 
learning [5, 23, 27]. For example, RNN-based decoders 
have significantly improved speech-to-text BCIs by 
leveraging sequential information to refine word 
predictions, while the integration of large language 
models (LLMs) has further enhanced the performance by 
capturing long-range dependencies, contextual meanings, 
and probabilistic relationships between words [21, 26]. 
These advancements have resulted in faster and more 
accurate text decoding, with modern BCIs achieving over 
90% accuracy and real-time word prediction. However, 
Brain-to-text BCIs still face several limitations, including 
slow communication speeds, poor generalizability across 
users, and challenges in capturing the complexity of 
natural speech, as text lacks intonation and 
expressiveness. [12].  A promising direction is the 
potential integration of brain-spine interface approaches 
into communication BCIs. The work by Lorach 
introduced a real-time digital bridge that restored 
volitional walking by linking cortical activity to spinal 
cord stimulation. A similar closed-loop strategy could be 
applied to ALS and LIS patients, where a brainstem or 
facial motor BCI could restore speech production by 
stimulating residual speech motor pathways. Speech 
neuroprostheses have already demonstrated the ability to 
decode silent and imagined speech into intelligible 
sounds, with Metzger achieving direct brain-to-speech 
synthesis, including facial-avatar animation for 
expressive communication. 

3 Brain-to-speech 
Given the limitations of brain-to-text BCIs, researchers 
have increasingly turned towards brain-to-speech as 
alternatives to brain-to-text systems [15]. Brain-to-speech 
BCIs aim to restore spoken communication by decoding 
neural activity into audible speech, bypassing the need for 
text-based interfaces [12]. Recent studies have 
demonstrated that EEG and ECoG-based BCIs can 
reconstruct speech sounds and preserve individual voice 
characteristics, making them more intuitive for real-world 
communication[6, 32]. Over the past decade, brain-to-
speech BCIs have advanced significantly, moving from 
phoneme-level reconstructions [28] to sentence synthesis 
[16, 33]. Accuracy has steadily improved, with speech 
decoding performance increasing from 47.1% word 
classification accuracy [33] to over 90% sentence 
intelligibility in recent trials[6, 16]. Similarly, output 
speed has progressed from an initial rate of 15.2 words per 
minute [33] to 78 words per minute [16], approaching 
natural speech rates. Several key technological 

advancements have driven these improvements. First, 
higher-density electrode arrays have enhanced neural 
signal capture, with modern ECoG grids covering broader 
speech-related cortical areas, including the motor, 
premotor, and inferior frontal cortices [15, 16]. 
Additionally, the use of more stable neural recording 
devices, such as intracortical implants, high-resolution 
ECoG, and even stereotactic EEG (sEEG), has enabled 
longer-term stability in speech decoding [32, 34]. Beyond 
hardware advancements, improvements in neural 
decoding algorithms have played a crucial role. Unlike 
brain-to-text BCIs, which have been explored for decades 
and initially relied on statistical models, brain-to-speech 
BCIs developed later, emerging primarily in the deep 
learning era. As a result, nearly all brain-to-speech 
systems from their inception have leveraged deep neural 
networks, bypassing the limitations of traditional 
probabilistic classifiers. These advancements in neural 
activity probing algorithms have played a crucial role in 
improving speech synthesis quality, with models 
incorporating RNNs to refine predictions and capture 
natural prosody and intonation [23, 35].Furthermore, self-
calibrating brain-to-speech BCIs have emerged, reducing 
the need for frequent manual recalibration, thereby 
improving long-term usability [34].  

4 Brain-to-image BCIs 
Unlike brain-to-text and brain-to-speech BCIs, which 
focus on linguistic communication, brain-to-image BCIs 
aim to reconstruct visual information from neural activity, 
providing an alternative mode of expression for 
individuals with communication impairments. By 
translating brain signals into images, these systems hold 
potential for assisting them to convey thoughts and 
memories in a more intuitive and expressive manner. The 
primary approach to brain-to-image BCIs involves 
decoding neural activity, most commonly recorded via 
fMRI, using deep learning models to reconstruct 
perceived or imagined visual stimuli. [4, 18]. A common 
strategy in these models is to first map the fMRI signals 
to intermediate visual or semantic feature representations, 
using pretrained models such as Contrastive Language–
Image Pretraining (CLIP) [36], Very Deep Variational 
Autoencoder (VDVAE) [37], or Vector Quantised 
Generative Adversarial Network (VQGAN) [38]. These 
de40coded features are subsequently used to condition 
generative models—typically latent diffusion models [18, 
37] or generative adversarial networks (GANs) [38, 39]— 
to reconstruct images that approximate the original visual 
stimuli. In contrast to fMRI-based methods, visual image 
reconstruction from EEG signals is also feasible by 
decoding neural activity into semantic and latent visual 
features, which are subsequently used to guide image 
synthesis via pretrained GANs [40]. 

Over the past decade, significant advances have 
improved the quality and fidelity of reconstructed images, 
transitioning from low-resolution grayscale 
reconstructions to high-resolution, semantically accurate 
images with detailed textures and object structures [36, 
38]. Among the key factors contributing to these 
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improvements is the refinement of neural recording 
techniques, including the development of high-density 
fMRI scanning protocols and advancements in EEG 
spatial filtering [40]. Additionally, the introduction of 
self-supervised learning and pre-trained deep neural 
networks has enhanced feature extraction, allowing more 
robust and generalizable decoding across individuals [18]. 
The integration of latent diffusion models and GANs has 
further advanced the realism of reconstructed images by 
capturing hierarchical features of visual stimuli, bridging 
the gap between neural representation and perceptual 
experience [37, 38]. Recent developments have also 
enabled self-calibrating systems that adapt to individual 
neural patterns over time, reducing the need for extensive 
user training and improving the practical applicability of 
brain-to-image BCIs [36]. Despite these advancements, 
current decoding performance remains superior for 
individually tailored models compared to generalised 
group-level decoding, reflecting significant variability in 
neural representations among individuals. 

5 Conclusion 
This review synthesized recent progress in brain-to-text, 
brain-to-speech, and brain-to-image interfaces, each 
offering unique pathways to restore communication for 
individuals with severe motor impairments. While all 
three modalities have achieved notable improvements in 
decoding accuracy, output quality, and real-time 
performance, challenges remain in balancing signal 
resolution, invasiveness, and user adaptability. Text-
based systems offer structured communication, speech-
based systems enhance expressiveness, and image-based 
systems open up visual channels for ideation and emotion. 
Looking ahead, future research should explore the 
possibility of using minimally invasive implants for 
communication restoration, similar to those used in spinal 
cord interfaces for enabling movement [41] Additionally, 
advances in self-calibrating algorithms and personalized 
decoding models will be crucial for improving long-term 
usability and making these systems more practical for 
daily life. 
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