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Figure 1: PixelGen argues for decoupling the camera from themixed-reality headset. The PixelGen system captures
a representation of the environment using low-resolution sensors, a monochrome image sensor and environmental
sensors. The captured sensor information is then processed through a transformer-based language and image
model for generating realistic representations of the environment for visualization on a mixed-reality headset.
Abstract
Mixed-reality headsets offer new ways to perceive our en-
vironment. They employ visible spectrum cameras to cap-
ture and display the environment on screens in front of
the user’s eyes. However, these cameras lead to limitations.
Firstly, they capture only a partial view of the environment.
They are positioned to capture whatever is in front of the
user, thus creating blind spots during complete immersion
and failing to detect events outside the restricted field of
view. Secondly, they capture only visible light fields, ignor-
ing other fields like acoustics and radio that are also present
in the environment. Finally, these power-hungry cameras
rapidly deplete the mixed-reality headset’s battery. We in-
troduce PixelGen to rethink embedded cameras for mixed-
reality headsets. PixelGen proposes to decouple cameras
from the mixed-reality headset and balance resolution and
fidelity to minimize the power consumption. It employs low-
resolution, monochrome image sensors and environmental
sensors to capture the surroundings around the headset. This
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approach reduces the system’s communication bandwidth
and power consumption. A transformer-based language and
imagemodel process this information to overcome resolution
trade-offs, thus generating a higher-resolution representa-
tion of the environment. We present initial experiments that
show PixelGen’s viability.

CCS Concepts
• Hardware → Sensor devices and platforms; • Com-
puter systems organization→ Embedded systems.
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1 Introduction
Mixed-reality (MR) headsets offer users novel ways to per-
ceive their surroundings. Commodity, off-the-shelf devices
like Apple Vision Pro [8], Meta Quest [15] are widely avail-
able. They employ various sensors—including high-resolution
cameras, acoustic, and motion sensors to track the surround-
ings. This enables MR modes that project the environment
onto a screen before the user’s eyes. The cameras also track
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Figure 2: PixelGen is able to address the challenge of
limited field of view of cameras and sensors on MR
headsets by allowing for decoupled deployment of cam-
eras for a broader coverage of the surrounding area.
body gestures. Thus, embedded cameras are critical for func-
tionality of MR headsets.
Embedded cameras have attracted significant research

interest over decades [4, 19, 23, 26, 27], leading to their ubiq-
uity. These cameras capture visible light-illuminated repre-
sentations of the environment, generating pixel arrays that
form images. Architecturally, embedded cameras follow a
pipelined design [4, 18, 19, 23, 27] consisting of sensing and
processing stages. A key component is the image sensor,
which contains numerous photo sensors to detect visible
light. Image sensors produce weak analog signals, which
are then processed by analog front ends, usually containing
a low-noise amplifier and an automatic gain control block.
An analog-to-digital converter then digitizes these signals.
Subsequent stages process the digital signals, performing
tasks like image compression. The final steps involve further
image processing, storage, and wireless communication.

Even though embedded cameras are among themostwidely
deployed example of an embedded system, their architecture
has remained largely unchanged. This presents significant
challenges for emerging applications like MR headsets.
Challenges. High power consumption of cameras signif-
icantly impacts the MR headset’s battery life. Despite ad-
vancements in image sensor technology, with some image
sensors consuming only microwatts [18], the overall power
consumption for cameras remains high. This is due to multi-
ple energy-intensive processing stages required for analog
signals from image sensors. Higher-resolution sensors ex-
acerbate this issue by generating even higher bandwidth
signals that correspondingly require energy-expensive com-
ponents such as amplifiers with high gain bandwidth product.
Additionally, higher image resolution and frame rates also
require proportionally higher communication bandwidth.
Conventional cameras, and their role, is also a limitation

in the MR context. While cameras have evolved significantly
overmillennia, from the camera obscura [3] to theDaguerreo-
type [12] and modern digital cameras pioneered by Steven
Sasson at Kodak [11], they have primarily focused on captur-
ing visible or infrared light. This covers only a limited aspect
of our surroundings. Moreover, MR headsets, that project

(a) Conventional camera architecture

(b) PixelGen camera architecture

Figure 3: Conventional cameras capture surroundings
illuminated by visible light at high resolution. In con-
trast, PixelGen captures a broader representation using
low-resolution image and environmental sensors thus,
reducing power consumption.

the world onto a screen before the user’s eyes, could capture
and present a broader range of elements, including wind,
humidity, acoustic emissions, magnetic and radio fields.
Finally, as we shown in Figure 2, cameras on MR head-

sets capture only the surroundings facing the user. This is
particularly challenging in immersive virtual modes, where
users may be unaware of the surrounding events that are
not captured by the headset’s sensors due to limited field of
view, such as someone approaching from behind.
Design. PixelGen is our ongoing effort to tackle the chal-
lenges of cameras for MR headsets. This system, in a way,
rethinks the conventional architecture of embedded cameras
and takes a stab at tackling the tradeoffs between power con-
sumption, bandwidth, sensing resolution, and fidelity. We
show the PixelGen platform in Figure 1 contrasting it against
conventional camera architecture in Figure 3.

The key component of PixelGen is the PixelSense platform.
It comprises a low-power microcontroller, a communication
module, and low-resolution image and environmental sen-
sors. We have deliberately made design choices to enable
low power consumption of the platform by trading sensing
resolution for power consumption. The collected sensor in-
formation contains valuable cues about the environment that
can be used to fill in missing details in the lower-resolution
image, enabling the generation of higher-resolution images
or generating novel representations by visualizing informa-
tion that would be unseen by conventional cameras.
The captured information is then processed through lan-

guage and image models to generate a higher-resolution
representation of the surrounding environment. In particu-
lar, we build on the significant recent progress with language
and image models [1, 7, 21]. They are made possible due to
the emergence of the transformer architecture [36], which
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has enabled large models to demonstrate impressive emer-
gent capabilities. Today, these models allow us to interact
with computers using natural language prompts and help
us identify and understand images. Another class of models,
called image models, can generate complex images by taking
natural language prompts and images as input [17, 25]. Pix-
elGen builds on the emerging capabilities of both language
and image models to overcome the tradeoffs made to lower
the power consumption of the PixelSense platform.

Finally, the user provides information in natural language
or uses an existing template, which enables the PixelGen to
process the lower-resolution image and sensor data. This in-
cludes generating a high-resolution representation of the sur-
roundings or unique representations. In this work, we demon-
strate an end-to-end system that captures low-resolution
images with environmental information using PixelSense
and generates higher-resolution and artistic representations,
which are then presented to the user on an MR headset.

2 Background
Mixed reality and cameras. Previous efforts have explored
various aspects of embedded cameras in MR headsets. Rhee
et al. investigated cameras enabling 360-degree rendering of
surroundings [24]. Koch et al. focused on enhancing depth
perception using time-of-flight sensors [9]. Mandl et al. de-
veloped methods for coherent rendering by learning camera
characteristics to improve lighting, visual coherence, and
photo-realistic rendering [14]. Schwandt et al. explored us-
ing secondary RGB-D cameras to generate glossy reflections
on virtual objects through partial 3D reconstruction of the
natural environment [28]. However, all of these approaches
rely on power-consuming and conventional camera archi-
tectures which are limited to capturing the visible spectrum.
Embedded camera. Early embedded camera designs Cy-
clops [23], coupled image sensorswith complex programmable
logic devices (CPLDs) for image processing, easing the bur-
den on microcontrollers. CITRIC [4] combined an image sen-
sor with a powerful microcontroller, large storage, and an
802.15.4-based transceiver for camera-based sensor networks.
CMUCam [26, 27] was an open-source embedded camera
optimized for near real-time image processing. Although,
these platforms consumed significant power, averaging from
tens to hundreds of milliwatts, they only managed to capture
information from visible spectrum.

Recent efforts have focused on reducing power consump-
tion. WISPCam [19], a battery-free camera based on RFID,
harvests radio energy and communicates images using the
EPCGen protocol. Naderiparizi et al.[18] designed a camera
capable of streaming high-definition images with minimal
power consumption using a backscatter mechanism, though
limited to a range of a few meters. Camaroptera[6] used the

LoRa protocol to transmit low-resolution images over long
distances using solar-harvested power, achieving battery-
free operation through heavy-duty cycling and infrequent,
low-resolution image capture. NeuriCam [37] uses a dual-
mode camera system that operates in a low-power grayscale
mode and a high-power color mode, using a neural network
to enhance video quality by super-resolving low-resolution
key frames and colorizing them. However, these systems pri-
marily capture visible spectrum images and often sacrifice
resolution or duty cycle to conserve power. While some can
capture high-resolution images, their communication range
is limited. Furthermore, they do not addressMR applications.

3 Design
The PixelGen system consists of three components: the Pix-
elSense platform, a MR headset, and an edge device. The Pix-
elSense platform captures information about the surrounding
environment and transmits these to the edge device. At the
edge device, users can provide context through natural lan-
guage prompts, or existing prompts are used to contextualize
the captured sensor information. These prompts are then
processed by a language model to generate relevant con-
text for the image model. Using this information, the image
model creates a representation of the surroundings, which
is then displayed to the user on the MR headset. We provide
an overview of the PixelGen system in the Figure 3(b).

3.1 PixelSense
Let us first examine the conventional camera architecture. It
employs a pipelined design, beginning with an image sen-
sor that captures light intensity values. These signals are
then amplified, stabilized, and digitized for compression or
processing. A microcontroller manages the processed im-
age for storage and wireless transmission. While the sensor
itself is relatively low-power, high-resolution sensors can
consume hundreds of microwatts. Moreover, the processing
and transmission stages are energy expensive, contributing
to significantly reducing MR headset’s battery lifespan, espe-
cially during continuous operation. Any increase in the pixel
count of the camera further exacerbates the power consump-
tion challenge. We illustrate the architecture in Figure 3(a).
PixelGen architecture. PixelSense adopts an approach that
differs from the conventional camera architecture. Rather
than using a high-resolution image sensor, it captures a
broader environmental information using low-resolution
image sensor and environmental sensors. This purposefully
helps us to lower the power-consumption of the platform.
PixelSense can also be configured to detect other fields

such as radio and magnetic emissions from the surroundings
if the application requires. These additional sensor informa-
tion help serve two purposes: Firstly, they help mitigate the
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Figure 4: PixelSense integrates an array of low-
resolution, low-power sensors that capture informa-
tion from the surrounding environment. These trade-
offs ensure lower power consumption for the platform.

trade-offs made by using lower-resolution image sensors,
allowing the PixelGen to reconstruct higher-resolution rep-
resentations by taking hints from the captured sensor infor-
mation. Secondly, they can be used to represent hidden fields
and phenomena that conventional cameras cannot capture.
We represent a schematic of the PixelSense in the Figure 4(a).
Implementation. We designed the platform using com-
modity off-the-shelf components. We use Ambiq Apollo3
microcontroller [16] for its low-power consumption and
BLE standard support, enabling communication with the
MR headsets without a gateway. We have also included pro-
visions for low-power transmissions using backscatter [33]
or tunnel diode based mechanisms [34, 35]. For environmen-
tal sensing, we incorporated a Bosch BME280 [30] sensor,
and a ROHM BH1750 sensor [29] to estimate light condi-
tions. The platform can capture motion through a 9-axis IMU
sensor from ST Microelectronics. The visual information is
captured using a Himax HM01B0 [32] low-resolution and
monochrome image sensor. We have also provisioned the
platform to capture acoustic information. Finally, we have
fabricated the platform on a 4-layer FR4 PCB manufactured
by OSHPark [22]. Figure 4(b) shows the prototype.
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Figure 5: The image model (diffusion architecture) re-
ceives input from the language model and the low-
resolution images captured by PixelSense. ControlNet
extracts spatial information, which is used in the sub-
sequent steps to generate a higher-resolution image or
to enhance or add details in the generated image.

Power Consumption. We used a Nordic Power Profiler
Kit-2 [20] with a supply voltage of 3.3V. We measured the
time and current consumption for stages of image capture.
During the initial configuration and calibration of the image
sensor parameters, we observed an average current draw
of 4 mA over 12s. This setup phase is required only once
and consumed 13.2 mW on average, with a total energy
consumption of 158.4 mJ. For the image capture phase, frame
capture and acquisition takes approximately 2s, drawing 4
mA of current. This results in an energy consumption of 26.4
mJ, with an average power consumption of 13.2 mW. These
figures are significantly lower compared to higher-resolution
embedded cameras. However, there is potential for further
power reduction through optimizations such as lowering the
supply voltage, increasing the clock rate, and using state-of-
the-art microcontrollers like the Apollo 510 [2].

3.2 Language and Image Model
The PixelSense transmits collected images and sensor data
to an edge device. Since PixelSense also supports the BLE
standard, this edge device could be a capable MR headset like
the Vision Pro, thus eliminating the need for an additional
device. Users interact with the system by providing natural
language prompts, which guide the language model to create
contextual information for processing the sensor data. This
information is then used with an image model to represent
the surroundings, which is displayed on the MR headset.
Implementation. We implement language model using
Meta Llama and OpenAI GPT. As an image model, we use the
stable diffusion [31, 38], which is an open-source diffusion
model with weights Realistic Vision V5.1 [5]. As an edge
device, we selected mini computers that are capable of oper-
ating the stable diffusion model locally. We use an XREAL
headset connected to the edge device as MR headset.
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(a) (b)

(c) (d) (e) (f) (g)
Figure 6: (a) A monochrome image (324x244) is captured and input to the OSM, which extracts object locations
and shapes, as shown in (b). This information is combined with time-varying sensor data and fed into an image
and language model. The model generates realistic images (968x728) as output, corresponding to different light
conditions (Lux values): (c) 65535, (d) 3089, (e) 16556, (f) 536, and (g) 0. The segmentation output (background image)
remains consistent across these variations. The changing environmental conditions result in corresponding changes
in the sensor information and the generated image, resulting in images representing day or night conditions.

Language model. The language model can process input
from an existing template, which includes specific instruc-
tions for processing sensor data to provide contextual infor-
mation about the surroundings. Alternatively, the language
model can take input from the user using natural language
regarding steps for visualizing the surroundings, including in-
structions for generating higher-resolution images or adding
relevant information for processing using image model.
Image model. The contextual information generated by
the language model, along with the captured low-resolution
image, is used with an image model. These models, trained
on vast image collections and fine-tuned with environment-
specific details, generate a representation of the surround-
ing environment. We show the architecture of the image
model in the Figure 5. This process occurs in two discrete
steps: We process the low-resolution monochrome images
using ControlNet, a neural network framework for diffusion
models [13]. ControlNet can retrieve additional information
from low-resolution images, such as edges, boundaries, and
objects. It can be used with various preprocessing models,
as demonstrated in our evaluation section. For example, a
Canny edge detector can help retain image composition by
extracting outlines and edges, while the OneFormer segmen-
tation preprocessor can transfer object location and shape
by labeling them with predefined colors.

The second step consists of integrating prompts from the
language model and augmenting this with additional control
from the original low-resolution images. Using the image
model, we generate high-resolution images that maintains
the object and background details while enhancing color
information and resolution or adding additional sensor fields.

4 Evaluation
Setup.We conducted experiments in both indoor and out-
door environments, but for brevity, we present only the
outdoor results. We collected over 126 images and sensor
data (temperature, humidity, pressure, and light intensity) in
diverse conditions and locations. The captured images have
a resolution of 324 x 244 in monochrome format.

We used preprocessing models like the Canny Edge Detec-
tion Model (CEDM), Oneformer Segmentation Model (OSM),
and the Line Art Control Model (LACM) to extract mean-
ingful information from the captured images. These models
helped identify object positions, edges, color palettes, and
features like brightness and hues. The captured sensor data
was then manually converted into prompts via a language
model. These prompts and other extracted information were
fed into the image generation model (e.g., stable diffusion)
to create high-resolution images of the environment, which
were visualized using an XREAL MR headset.

We evaluated the system’s ability to generate diverse rep-
resentations and narrowed the results to three styles: realis-
tic, and Van Gogh-style oil painting. After post-processing,
PixelGen regenerates high-resolution images.
Realistic images.We investigate PixelGen’s ability to gener-
ate realistic visualization of the surroundings. We configure
the image model to generate realistic images and preprocess
the captured monochrome image with the OSM model. This
model extracts the location and shape of objects in the image.
Figure 6(a) shows the original input image, and Figure 6(b)
shows the segmented output of the OSM model, along with
6(c) the generated image from the image model which was
then visualised on a MR headset.
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(a) (b) (c)
Figure 7: (a) A monochrome image (324x244) is captured and provided to the LACM, which extracts the essence
of the still image, including hues and dark areas, along with the location and shape of objects, as shown in (b).
We combine this with an environmental sensor stream (0 Lux, 28.51 °C, 71.37%, 1008.75 hPa, and Wind Velocity:
0.0 m/s) and a prompt generated by the language model. This information is then fed into the image model to
generate (c) a realistic Van Gogh Oil Painting (968x728) as output. This artistic representation is then displayed on
the MR headset, enabling the user to perceive their surroundings in a unique manner.

We observe that PixelGen is able to generate a much
higher-resolution image. Furthermore, by incorporating in-
put from the sensor data, it is able to correspondingly repre-
sent the environmental conditions in the generated images.
Artistic images. We evaluate PixelGen ability to represent
the environment artistically. This capability can be especially
relevant for MR headsets, enabling users to observe their
surroundings in novel ways. We preprocess captured images
through the LACM model. The extracted information from
this process is then combined with data from environmen-
tal sensors, and a manually provided prompt serves as an
instruction to the image model. We show the original image,
the output from the LACM, and the subsequently generated
images in Figure 7. Notably, the captured image is in mono-
chrome, and the additional input from the environmental
sensors provides the image model with context. This enables
PixelGen to generate a higher-resolution and artistically ren-
dered version of the surrounding environment.
Image sequence.We investigate PixelGen’s ability to gener-
ate an image sequence. To achieve this, we trigger a unique
prompt for each sensor data input, resulting in varying out-
puts. We present some key frames from this analysis in
Figure 6. The complete video output (combined stream of
images) can be viewed at this link [10]. We observe signif-
icant variations in sunlight (ambient light intensity) from
Figure 6(c) to 6(g), along with changes in cloud density. No-
tably, the composition of the actual image (similar to the
original monochrome image) remains intact. This demon-
strates that minor changes in sensor data and prompts are
reliably translated into the generated sequence of images.
We also present the list of positive prompts generated us-
ing GPT-4, which we use to generate these realistic images,
along with original environmental sensor data in Table 1.

5 Discussion
Hallucination. Due to lower-resolution images and sensor
inputs, providing these to the model sometimes results in

hallucinations for some images. This could lead to images
generated with objects or features not actually present in
the environment. However, fine-tuning the model with a
specific dataset could be a potential solution for generating
more accurate images and reducing such hallucinations.
Inference on headsets. MR headsets like Apple Vision Pro
can run models locally. The image model requires signifi-
cant computation, which can lead to lower battery lifespan.
Techniques such as model pruning, quantization, and knowl-
edge distillation can address this. Model pruning removes
redundant parameters, reducing its size and inference time.
Quantization lowers memory usage and speeds up process-
ing by using lower precision weights. Knowledge distillation
transfers knowledge from a larger model to a smaller one,
maintaining performance while enhancing efficiency. They
may collectively make it feasible for real-time image genera-
tion and minimal latency media streaming on MR headsets.

6 Conclusion
We have presented PixelGen, our ongoing work to rethink
embedded cameras for mixed-reality headsets. Through ex-
periments, we demonstrate that the unique convergence
of language and image models, combined with a carefully
designed low-power embedded camera, can enable us to cap-
ture higher-resolution representations or even present the
environment uniquely. This work is released as open-source,
with design files and other details available at the following
repository: https://github.com/weiserlab/PixelGen
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Appendix

Image Sensor Data Prompt

c

Ambient Light: 65535 Lux
Temperature: 34.51 Celsius
Humidity: 63.14 %
Pressure: 1006.42 hPa
Wind Velocity: 0.4 m/s

Ultra-high-resolution photograph capturing an intensely sunny and hot day,
with clear skies, moderate humidity, and a calm atmosphere. The scene is
bathed in bright sunlight, creating deep shadows and vivid contrasts. Ideal for
8k UHD, high dynamic range imagery, shot with a Canon EOS-1D X Mark III.

d

Ambient Light: 3089 Lux
Temperature: 27.42 Celsius
Humidity: 82.03 %
Pressure: 1004.32 hPa
Wind Velocity: 2.6 m/s

High-resolution photo capturing a warm and overcast day with high humidity,
creating a slightly muggy feel. The sky is cloud-covered, diffusing the light and
casting a soft glow. A noticeable breeze ripples through the scene. Ideal for 8k
UHD, captured with a high dynamic range, using a Leica SL2.

e

Ambient Light: 16556 Lux
Temperature: 30.69 Celsius
Humidity: 67.07 %
Pressure: 1003.70 hPa
Wind Velocity: 0.0 m/s

Ultra-high-resolution image of a bright, sunny day with clear skies, warm
temperatures, and moderate humidity. The sun casts sharp, defined shadows, and
the calm, windless atmosphere creates a serene outdoor scene. Perfect for 8k UHD,
high dynamic range photography, shot with a Sony Alpha A9.

f

Ambient Light: 536 Lux
Temperature: 27.79 Celsius
Humidity: 73.83 %
Pressure: 1003.53 hPa
Wind Velocity: 1.5 m/s

High-quality image depicting a warm evening with a heavily overcast sky, creating
a dim and moody atmosphere. The air is humid and slightly breezy, adding to the
sense of an impending nightfall. Ideal for 8k UHD, high dynamic range, captured
with a Nikon D850.

g

Ambient Light: 0 Lux
Temperature: 26.85 Celsius
Humidity: 79.26 %
Pressure: 1004.63 hPa
Wind Velocity: 0.0 m/s

High-resolution night photograph capturing a warm and very humid environment
in complete darkness, conveying a still and heavy night atmosphere. The air is thick
with moisture, creating a sense of quiet and solitude. Ideal for 8k UHD, high dynamic
range, shot with a Canon EOS R6, excellent for night photography.

Table 1: shows the image index corresponding to the stream of realistic images (Figure 6) along with the actual
time-varying environmental sensor data (shown in the second column) and the corresponding positive prompt
generated using GPT-4 in the third column, which is fed to the diffusion model to produce output.
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