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Abstract
Background  Blood Perfusion is a key factor in the development and healing of wounded tissues including Diabetic 
Foot Ulcers (DFU), a harmful chronic wound caused by diabetic neuropathy. Recent works have explored the use of 
hyperspectral imaging (HSI) to non-invasively quantify the quality of blood perfusion with high spatial resolution. 
Later works consider the use of hyperspectral reconstruction (HSR) to provide the same capability using unmodified 
commodity hardware, such as smartphone cameras, using computational methods to yield full hyperspectral images 
from RGB ones. However, these HSR perfusion systems require profiles for each camera they are used with and 
furthermore require radiometric calibration to account for environmental lighting conditions before each use.

Methods  In this work we demonstrate MobiPerf which extracts oxygenation signals/images along with high fidelity 
remote PPG signals while overcoming these challenges. To eliminate the need for camera profiles, our system uses 
deep learning HSR models that have been shown to generalize well across different cameras. Then to overcome the 
need for reference image calibration, we utilize a custom algorithm Calibration Free Skin Compensation Estimation.

Results  Evaluated under 5 different simulated lighting conditions from the CIE Standard Illuminates, our system 
maintains strong agreement with oxygenation images/signals extracted directly from HSI cameras. Our testing 
on in-the-wild RGB data from a publicly available dataset of diabetic foot ulcer images (N ≈ 6000) shows an acute 
sensitivity to Ischemia conditions (p < 1 × 10−5) as well as a more limited sensitivity to infection complications. 
Along with a dataset of videos with contract PPG (N = 56) which shows rPPG performance on par or better than other 
state-of-the-art algorithms.

Conclusions  Our results demonstrate that a HSR system can be used to monitor diabetic foot ulcers using just 
images/videos minimizing the need for procedures prior to or during use and with mobile hardware patients already 
have. We anticipate that in the future our advancements in HSR can be used for other smart health applications that 
relate to perfusion, and we anticipate that similar HSR based systems can be used to monitor other tissue parameters 
such as sweat concentrations.
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Introduction
Diabetic foot ulcers (DFUs) are a serious complication 
of diabetes, affecting both the mobility and the overall 
health of patients. Chronically high blood glucose lev-
els cause damage to the small blood vessels (capillaries) 
that supply oxygen and nutrients to the tissue within the 
appendage. This vascular damage often leads to diabetic 
neuropathy (peripheral nerve damage), a condition that 
reduces sensation in the feet, masking minor injuries. 
As a result, unnoticed small blisters worsen into ulcers 
under the continued pressure of daily activities. The 
compromised capillaries around these ulcers are stressed 
further during the Healing process, which depends on 
adequate blood perfusion for oxygen and nutrient supply. 
Insufficient perfusion delays Healing, increases infection 
risk, and complicates recovery. Notably, infections occur 
in about 50% of DFU cases, with nearly 20% progressing 
to foot amputation, severely diminishing quality of life 
and survival rates [1]. In the United States, an estimated 
1.6 million people live with DFUs [1], many of whom face 
mobility challenges that limit access to specialist care. 
Therefore, home tools are essential for the early detection 
of ulcer complications, reducing infection rates and mini-
mizing the risk of loss of limbs and mortality. On a larger 
scale early detection of ulcer complications and timely 
care can greatly alleviate the significant healthcare bur-
den associated with diabetic foot conditions.

Clinical technologies for evaluating DFUs utilize 
advanced imaging techniques to assess tissue health 
and vascular function, each with distinct capabili-
ties. Computed Tomography (CT) Angiograms deliver 

high-resolution images of the macrovascular system, 
detecting arterial blockages or stenosis [2], but require 
radiation exposure, contrast agents, and large equipment, 
making them unsuitable for routine use. Hyperspectral 
Imaging (HSI) is a non-invasive technology that captures 
detailed spectral information across 10–100 color bands 
in the visible and near-visible spectrum [3]. Near-Infra-
red Spectroscopy (NIRS) operates similarly, focusing on 
near-infrared wavelengths for deeper tissue penetration 
[4]. Both HSI and NIRS leverage the unique spectral sig-
natures of key chromophores in skin tissue—hemoglo-
bin (Hb) and oxyhemoglobin (HbO2), and melanin—to 
assess tissue health. These chromophores absorb light at 
specific wavelengths, much like a tuning fork resonates at 
certain frequencies. By observing and analyzing reflected 
light across spectral bands, these technologies are used 
to estimate chromophore concentrations and generate 
high-resolution composition maps of tissue. While highly 
valuable for evaluating tissue oxygenation and vascular 
health, these methods are constrained by their high costs 
and limited scalability, underscoring the need for more 
accessible and versatile solutions for the early detection 
and management of DFUs (Fig. 1).

Mobile solutions utilizing RGB cameras and smart-
phone-based imaging applications are among the most 
widely explored approaches. These tools enable non-
invasive and straightforward tracking of changes in ulcer 
size or surface characteristics [6], making them conve-
nient mobile solutions for patients and healthcare provid-
ers. However, their reliance on readily observable visible 
changes, which often take weeks to manifest, significantly 

Fig. 1  Overview of MobiPerf, and pipeline. a Our system MobiPerf works by observing the precise color modulation applied to incident light reflected 
back by skin tissue using normal RGB cameras through hyperspectral reconstruction and custom algorithms/features. b Pipeline of MobiPerf (upper), 
RGB images taken with smartphones are converted to better defined and richer hyperspectral images using deep learning (DL-HSR), a novel algorithm 
calibration free skin composition estimation (CF-SCE) is then used to covert these hyperspatial images into a skin composition image which is then 
processed into robust physiological features like the sigmoid oxygenation image and the remote PPG signal. Our system operates across cameras and 
lighting conditions without requiring additional calibration/retraining (lower) [5]
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limits their ability to do early detection. Emerging deep 
learning (DL) models integrated into mobile imaging 
systems offer automated classification of ulcers identify-
ing issues like ischemia and infection from a single image 
taken with a smartphones camera. Despite their poten-
tial, these models face distrust (rightfully) for their “black 
box” nature, that is, they lack the explain ability of meth-
ods based on well understood principals which is very 
important when life-threatening conditions are in play as 
transparency is important for promoting patient auton-
omy and avoiding misdiagnosis as medical providers are 
untimely responsible for their practice [7].

Hyperspectral reconstruction (HSR) has recently 
emerged as a promising technology for tissue oxygenation 
and perfusion measurement. HSR transforms the lim-
ited and ill defined spectral bands of images captured by 
standard RGB cameras into the well defined images that 
a hyperspectral camera would produce, typically using 
an optimized linear transformation of some sort [8–12]. 
This offers a cost-effective, portable, and clear method 
for vitals imaging of high spatial resolution, enabling the 
estimation of tissue chromophore concentrations like 
hemoglobin (Hb) and oxyhemoglobin (HbO2). Despite 
its promise, the practical implementation of HSR in 
mobile health applications faces a significant challenge. 
The first (intrinsic challenge) is the variability in smart-
phone imaging pipelines, which differ across devices in of 
lenses, sensors, illumination, and post-processing algo-
rithms, especially color correction. These inconsistencies 
prohibit the use of HSR model parameters across dif-
ferent hardware configurations. Even if HSR is made to 
work in different configurations, there is still the extrinsic 
challenge that is the radiometric calibration process used 
to remove the effect of spatial unevenness and spectral 
variability in the lighting (such as from artificial light-
ing). Traditional HSI systems rely on per-use radiometric 
calibration with white and dark reference images [13], to 
standardize HSI pixels/images to a physically meaningful 
scale known as reflectance from where physical laws can 
be easily applied to infer the tissue composition. How-
ever, these processes are impractical for mobile health 
applications, where simplicity and ease of use are critical 
for widespread adoption.

In this paper, we introduce MobiPerf, a system that 
utilizes HSR to monitor blood perfusion, delivering 
physiological images and signals using only a standard 
smartphone while addressing both of the aforementioned 
challenges - the intrinsic and extrinsic challenges. Offer-
ing a cost-effective and portable solution for the moni-
toring of DFU vitals. Our goal is to empower patients to 
monitor their ulcers at home with an mobile app, receiv-
ing immediate insights into their condition. Looking 
ahead, we envision MobiPerf as a preventive health tool 

capable of detecting the conditions under which ulcers or 
blisters may form, potentially averting ulcers all together.

To address the challenges of implementing HSR in 
mobile health, we adopt a novel approach that overcomes 
the two key limitations. First, instead of relying on tradi-
tional HSR techniques such as Wiener filters which are 
inflexible, we employ large, and robust HSR models based 
on the MST++ architecture, which have been shown to 
work moderately well with unknown smartphone cam-
eras[14]. This allows us to bypass the need for complex 
model retraining and ensures broader applicability across 
a range of devices solving the intrinsic challenge. Second, 
we introduce a brightness-tolerant method for determin-
ing the relative concentrations of hemoglobin (Hb) and 
oxyhemoglobin (HbO2) in skin tissue. This method works 
when the hyperspectral image has not been normalized 
using reference images, bypassing the need for radiomet-
ric calibration, thus enhancing the usability of HSI/HSR 
technology for mobile health applications solving the 
extrinsic challenge. Using these concentrations, we derive 
a custom oxygenation feature and remote photoplethys-
mography (rPPG) signals that offers insights into both 
tissue oxygenation and cardiac conditions [15], which 
are common comorbidities in diabetic patients, thereby 
affording MobiPerf broader diagnostic capabilities.

We validate our approach by testing the derived cus-
tom oxygenation feature and rPPG signal with publicly 
available ground truth hyperspectral videos (N=10) [16] 
and a dataset of RGB videos with ground truth rPPG 
data (N=56) [17]. Finally, we assess MobiPerf ’s sensitiv-
ity to DFUs in a real-world dataset of Diabetic Foot and 
Leg Ulcer images (N ≈ 6, 000) [18], taken under vary-
ing lighting conditions and using different cameras — 
something not feasible with previous HSR approaches. 
We observe a significant distribution shift in the sigmoid 
oxygenation values between ulcers with dangerous isch-
emic complication and those without, demonstrating the 
potential of MobiPerf in assessing DFU severity.

Results
We evaluated the performance of our system using three 
publicly available datasets. The first dataset, captured 
with a hyperspectral camera, involves subjects whose 
blood flow and oxygenation levels were modulated using 
a blood-pressure cuff [16]. This dataset was used to assess 
the accuracy of our system’s reconstructed oxygenation 
and pulse intensity images against ground-truth hyper-
spectral measurements. The second dataset, a widely rec-
ognized rPPG benchmark comprising 56 videos, includes 
ground-truth PPG signals recorded during various tasks 
[17]. This dataset allowed us to validate the performance 
of our extracted rPPG signals and benchmark it against 
state-of-the-art approaches. To evaluate the applicabil-
ity of our system for DFUs management, we utilized a 
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third dataset consisting of nearly 6,000 diabetic foot ulcer 
images [18], annotated with labels for ischemia and infec-
tion. These labels were used to analyze the distribution 
of oxygenation values under different pathological condi-
tions, demonstrating the system’s biomarkers relations to 
the conditions.

Pressure cuff study
To validate the oxygenation imaging capabilities of our 
system, we utilized the SPECTRALPACA dataset [16], 
which contains 10 videos recorded under controlled con-
ditions. Blood flow to participants’ hands was modulated 
using a pressure cuff applied to the arm, with pressures 
ranging from 0 mmHg to 160 mmHg. Adequate intervals 
were provided between pressure changes to allow blood 
flow and oxygenation levels to return to baseline. A neu-
tral-spectrum xenon Light source illuminated the hand, 
ensuring uniform spectral conditions, and the recordings 
were free of stray illumination. The videos were captured 
using a 16-band hyperspectral camera with narrow-
band channels where each channels peak sensitivity Lies 
within the range 465 nm to 641 nm.

Our validation process starts with the preprocessing 
of ground truth hyperspectral data. The raw hyperspec-
tral data were Transformed from the 16 original bands 
into 31 evenly spaced non-overlapping bands between 
460 nm and 640 nm. This was achieved by calculating 
weighted sums of contributions from each raw spectral 
channel using the provided camera filter sensitivity vec-
tors. Each output band was adjusted by dividing by the 
sum of the corresponding weights to account for varia-
tions in camera sensitivity. The same procedure was 
applied to the white calibration frame included in the 
dataset. The unnormalized 31-band images were then 
spectrally and spatially normalized by dividing them by 
the 31-band white reference image, producing reflectance 
images. Then, the reflectance images were also converted 
into three-channel RGB images by applying a similar 
weighted sum of spectral contributions procedure using 
the camera filter sensitivity function of a Samsung Gal-
axy smartphone [19], rescaled to align with the 460–640 
nm range. The resultant RGB images were then max-nor-
malized on a frame-by-frame basis to ensure consistency. 
For HSR reconstruction, the RGB images were processed 
using a retrained MST++ model (MST640 in Tables 2 and 
3) in accordance with Deep learning hyperspectral recon-
struction  section. The training scenario for the model 
matchs the preprocessing done for both ground truth 
HSI and RGB images in this section. The ground truth 
HSI images and reconstructed HSR images were then run 
through the procedure in Calibration-free skin composi-
tion estimation  section to extract the skin composition 
images in Fig. 2.

Both the reconstructed and ground truth skin compo-
sition videos were then processed as outlined in Sigmoid 
oxygenation  section to obtain a video of sigmoid oxy-
genation images for each. The videos were temporarily 
down-sampled 90x in order to speed up all the previous 
steps. The performance of MobiPerf was understood to 
be strong if there was high agreement with the ground 
truth processed hyperspectral video. The agreement was 
measured both temporally and spatially. Pre-specified 
small ROI’s were extracted from each frame in both vid-
eos and the mean of those ROI’s frame-wise were used to 
construct a oxy signal, a moving average was applied to 
smoothen signals.

To determine the temporal agreement between 
the ground truth and reconstructed oxygenation 
signal we used common signal metrics and corre-
sponding visualizations. Both signals were rescaled 
between 0 and 1 by performing a z-standardization 
z = (x − µ)/(4σ) + 1/2. Then the Mean Absolute Error 
was taken between two signals for each signal pair in 
the dataset, Pearson’s R was then also taken between 
the signals. Correspondingly we plotted the scatter plot 
between the two signals and a line of best fit for each sub-
ject. The summarized metrics, selected signal plots, and 
scatter plots are shown in Fig.  3. Metrics clearly show 
strong agreement between ground truth and recon-
structed oxy signals with an overall average signal MAE 
of 0.122 (90% CI: 0.103, 0.141) and corresponding aver-
age Pearson’s R of 0.865 (90% CI: 0.779, 0.919) MAE and 
R metrics computed signal-wise then averaged across all 
subjects/ROIs, moderate between-ROI variance in per-
formance is apparent in the metrics as well. This agree-
ment is also reflected visually in the scatter plots where 
a moderate-strong Linear fit can be clearly established in 
all but 1 subject.

To quantify the spatial agreement, the first oxy image 
from each subject video was taken and image met-
rics were applied between the ground truth and recon-
structed ones. Images were segmented using the 
Segment Anything Model (SAM) [20]. The segments are 
z-standardized in the same way as the oxy signals (mean/
std calculation ignored the background). We then crop 
the images tightly around the hands and zero-out the 
background to allow for PSNR and SSIM to be computed 
between images as well. To visualize the spatial agree-
ment we selected a subject from the dataset and plot-
ted the image pairs for each applied pressure level, we 
also plotted corresponding ridge plots with the distri-
bution of oxy within each segment for both the ground 
truth and reconstructed oxy image series. All these met-
rics and visualizations are shown in Fig.  2. The metrics 
show a strong association between the image pairs with 
mean SSIM of 0.762 (90% CI: 0.741, 0.783) and PSNR/20 
of 0.505 (90% CI: 0.493, 0.517) spatial performance was 



Page 5 of 17Gherardi et al. BMC Artificial Intelligence            (2025) 1:10 

highly consistent as well with less inter-subject variabil-
ity then the temporal metrics. Visually the two image 
series showed high agreement when viewed across dif-
ferent pressure levels (including in the ridge plot) with 
the center diagonal of the palm gradually becoming more 
stressed first followed by its surrounding areas in both 
sets, a artifact can be seen around the lower palm on the 
reconstructed images likely due to specular reflections.

Between the spatial and temporal analysis we can see 
that (in the case of ideal lighting) there is a strong agree-
ment between the ground truth sigmoid oxygenation 
features and the reconstructed ones both visually and 
quantitatively.

Lighting variability
The influence of lighting can be regarded as either spa-
tial (variance in intensity across the spatial dimensions of 
the image) or spectral (variance of intensity across bands/
wavelengths) or more complicated than that if there are 
multiple light sources in the scene. In this section we 
concern ourselfs with the performance of our system 

under different lighting spectra. We take a reflectance 
image as generated in the previous section and element-
wise multiply each pixel by one of four lighting spectral 
efficiency functions from the CIE standard illuminates 
[21] and one from a smartphone flash [22] sampled at 31 
bands (wavelengths [400, 700]31 for reasons described in 
Deep learning hyperspectral reconstruction  section) to 
apply the illumination’s spectra to the image.

We then apply the same procedure from the previous 
section to generate corresponding RGB images and apply 
MobiPerf to those images ultimately generating the same 
pairs of signals/image sequences for each different illumi-
nate under consideration as in the previous section. We 
then plotted the image sequence and computed signal 
metrics shown shown in Fig. 4 as well as plotted the light-
ing spectra for each tested illuminate. The performance 
is generally fairly consistent across different light sources 
with the image sequences exhibiting similar behavior 
under increasing pressures aside from the Incandes-
cent sequence (A) which seams to have a softer texture. 
The Pearson’s R metric reveals a moderate performance 

Fig. 2  Representatives sigmoid oxygenation image sequences from HSI, HSR and image metrics testing the agreement of HSI/HSR for first frames. a 
RGB images under various pressures generated by taking channels [11, 15, 3] from corresponding HSI 16ch raw images and enhancing contrast using 
CLAHE. b Sequence of oxygenation images computed from HSI images using MobiPerf (w/o reconstruction) taken under increasing pressures. Stress can 
be seen as pressure increases centered on the palms diagonal (/) and gradually expanding outwards. c Corresponding sequence of oxygenation images 
computed using MobiPerf from RGB smartphone images (generated from HSI images). Stress can again be seen centered on the palms diagonal (/) and 
gradually expanding outwards. d Metrics computed by comparing the sigmoid oxygenation images generated using MobiPerf from HSI and HSR images 
for the first image in each subject’s video. Agreement can be seen to be strong with a mean SSIM 0.762 (90% CI: 0.741, 0.783) and mean PSNR/20 approx 
0.505 (90% CI: 0.493, 0.517) dB. e, f Ridge plots generated for the sigmoid oxygenation image sequences from HSI and HSR respectively by performing 
kernel ridge regression for all pixels within the tissue segments. Strong agreement can again be seen visually
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shortfall for the Flash 0.633 (90% CI: 0.442, 0.768), Flo-
rescent 2 0.696 (90% CI: 0.529, 0.811), and Incandescent 
Light 0.631 (90% CI: 0.441, 0.767) sources as well as a 
large increase in the variability of Pearson’s R (across 
ROI/subject) in those cases as well. Overall we believe 
that the systems performance is consistent enough under 
different light sources to be usable and possibly explain 

to a degree the results of in-the-wild testing as in Remote 
photoplethysmography and Diabetic foot ulcers sections.

Reflectance reconstruction
Looking to address the performance shortfall found 
in Lighting variability  section we apply the hyperspec-
tral reconstruction models from Deep learning reflec-
tance reconstruction  section trained under different 

Fig. 3  Metrics from comparing oxygenation signals from HSI/HSR, representative signal pairs, scatter plots between signals from HSI/HSR. a Metrics com-
puted by applying MobiPerf to HSI videos and to corresponding simulated smartphone RGB videos then extracting sigmoid oxygenation signals from 
4 ROIs finally computing metrics between the extracted signal pairs. Subject-wise mean performance averages 0.865 (90% CI: 0.779, 0.919) for Pearson’s 
R and 0.122 (90% CI: 0.103, 0.141) for MAE for most subjects. b, c, d Sigmoid oxygenation signal pairs (HSI/HSR) plotted together for 3 representative 
subjects/ROIs. Strong agreement can be seen in (b, d) whereas (c) demonstrates slightly weaker agreement. e-n Subject-wise scatter plots generated by 
pairing sigmoid oxygenation signals generated for all ROIs where (x=from HSI, y=from HSR). Agreement varies with (l) showing the weakest agreement 
by far (subject 8)
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objectives in order to see which one is the most con-
sistent/performant focusing our attention on the case 
of reflectance reconstruction (RGBL → HSIN) where 
both hyperspectral reconstruction and radiometric cali-
bration are done using deep learning looking to see if 
it provides a performance gain over just hyperspectral 
reconstruction (RGBL → HSIL). In order to do so we 
run the same procedure as in Lighting variability  sec-
tion replacing the MST640 model with the three mod-
els RGBL → HSIL, RGBN → HSIN, RGBL → HSIN in 

turn. The signal results were aggregated (with the results 
for MST640) and are shown in Fig. 5.

It can be clearly seen that the two objec-
tives that reconstruct reflectance images 
(RGBN → HSIN, RGBL → HSIN) regardless if the RGB 
image was expected to be taken/generated under neutral 
lighting conditions or not surprisingly have much better 
performance then traditional hyperspectral reconstruc-
tion (RGBL → HSIL) with performance generally having 
less or comparable variation within and across illumina-
tion types. It can also be seen that RGBL → HSIL and 

Fig. 4  Sigmoid oxygenation image sequences from MobiPerf (from HSR) and metrics under various illumination spectra. a RGB images under various 
pressures generated by taking channels [11, 15, 3] from corresponding HSI 16ch raw images and enhancing contrast using CLAHE. b-f Sigmoid Oxygen-
ation image sequences computed by applying MobiPerf to smartphone RGB images (generated from HSI images) taken under increasing pressure levels 
and various lighting spectra. Images sequences taken under non-neutral lighting [F, FL2, FL11, A] can be seen to be visually similar to those taken under 
neutral [N] lighting. g Metrics computed by applying MobiPerf to HSI videos and to corresponding smartphone RGB videos (generated from HSI images) 
and comparing extracted sigmoid oxygenation signals from predefined ROIs for each lighting condition. Moderate performance degradation can be 
seen for some lighting conditions [F, FL2, A]. h Lighting Spectral Efficiency Functions for each tested lighting condition
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MST640 have similar variation in performance especially 
within illumination types this can probably be attributed 
to both of these models being trained with similar objec-
tives (see Table 3) although a direct comparison between 
these two models cant be made as they are not otherwise 
having the same parameters.

Remote photoplethysmography
To evaluate the remote photoplethysmography (rPPG) 
capability of MobiPerf, we utilized the UBFC-Phys data-
set [17], which comprises recordings of 56 healthy par-
ticipants engaged in three distinct tasks: resting (T1), 
speaking (T2), and performing arithmetic calculations 
(T3). For each participant, synchronized video data and 
reference PPG signals were collected, along with elec-
trodermal activity and self-reported stress levels. The 
dataset was captured under unspecified artificial light-
ing conditions (spatially even, spectrally unknown), with 
videos compressed using JPEG and recorded at a resolu-
tion of 1024x1024 pixels. Participants were positioned 
approximately one meter from the camera during data 
collection, ensuring consistent imaging conditions. This 
setup provided a robust benchmark for validating the 
performance of MobiPerf ’s rPPG signal extraction under 
real-world conditions.

To preprocess the dataset, the reference PPG sig-
nals were first aligned to the sampling rate of the corre-
sponding video frames using polyphase filtering. These 

signals were then filtered with a first-order Butterworth 
filter to suppress high-frequency noise and standardized 
by z = (x − µ)/(2σ), ensuring consistency in ampli-
tude across recordings. Facial regions of interest (ROIs) 
were identified for each video frame using MediaPipe 
[23], which mapped predefined 3D facial landmarks to 
determine 2D polygonal segments corresponding to 
the forehead and the left and right cheeks. Each video 
frame, along with its associated ROI, was subsequently 
processed using the methodology described in Remote 
PPG  section to extract the MobiPerf Hb and MobiPerf 
Motion-Compensated rPPG signals. This preprocessing 
pipeline ensured robust signal extraction and effective 
motion compensation throughout the dataset.

The video frames and corresponding ROI pairs were 
also utilized as inputs for other state-of-the-art algo-
rithms to construct rPPG signals, each employing a dis-
tinct approach after deriving the channel-wise mean 
signal from the identified ROI. The Green algorithm 
[24] employed the simplest technique by directly using 
the mean signal from the green (G) channel of the ROI 
as the rPPG signal. In contrast, the Independent Com-
ponent Analysis (ICA) method [25] applied independent 
component analysis to the 3-channel RGB mean signal 
extracted from the ROI, selecting the second indepen-
dent component as the rPPG signal. The Plane Orthogo-
nal to Skin (POS) algorithm [26], a method tailored for 
rPPG, adopted an analytic approach designed to leverage 

Fig. 5  Performance of various hyperspectral reconstruction models under various lighting spectra. a-h Metrics computed by applying MobiPerf to 
HSI videos and to corresponding smartphone RGB videos (generated from HSI images) and comparing extracted sigmoid oxygenation signals from 
predefined ROIs for each lighting condition. a, b metrics for the traditional hyperspectral reconstruction model used in majority of the testing included 
for reference only, (b, f) metrics for model that maps neutrally illuminated RGB images to neutrally illuminated hyperspectral images, (c, g) metrics for 
model that maps non-neutrally illuminated RGB image to neutral hyperspectral image (reflectance reconstruction), (d, h) model that maps non-neutrally 
illuminated RGB images to non-neutrally illuminated hyperspectral images (traditional hyperspectral reconstruction). Models that map to neutrally illumi-
nated hyperspectral images (RGBN → HSIN , RGBL → HSIN) tend to have more consistent and higher performance than traditional hyperspectral 
reconstruction (RGBL → HSIL)
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the orthogonality of skin-tone variations for robust signal 
extraction. A standardized post-processing pipeline was 
applied to all generated signals. In instances where Medi-
aPipe failed to detect an ROI—due to non-convergence 
or the face being out of frame—a forward-fill interpola-
tion followed by backward-fill interpolation was applied 
to impute missing values in the ROI mean signals. Signals 
from each algorithm were passed through a 9th-order 
Butterworth bandpass filter with a frequency range of 
0.7 Hz to 3.5 Hz to isolate the relevant cardiac frequency 
components. Subsequently, the signals were then stan-
dardized by z = (x − µ)/(2σ). This ensured data conti-
nuity and allowed consistent rPPG signal construction 
across all algorithms.

Following this, all signals, including the ground-truth 
PPG signal, were used for peak detection, identifying 
peaks with a prominence threshold of 0.5. The intervals 
between successive peaks, measured in elapsed samples, 
were calculated and converted to a pulse rate variability 
(PRV) signal by dividing by the sampling rate. The PRV 
signal was further transformed into a heart rate variabil-
ity (HRV) signal using the relation HRV = 60/PRV . To 
refine the HRV signal, median filtering with a window 
size of 51 was applied, and the mean value of the result-
ing signal was computed to derive the final heart rate 
(HR) estimate. This reflects a typical methodology for 
extracting the Heart Rate in a robust manner.

We employed three evaluation metrics to assess the 
quality of the extracted rPPG signals. The Mean Absolute 
Error (MAE) of heart rate (HR) estimation, expressed 
in beats per minute |BPM|, is a key metric for evaluat-
ing the signal’s suitability for downstream applications 
such as pulse transit time analysis, which is commonly 
derived from PPG signals. For the overall signal quality, 
we used two complementary metrics: Pearson’s correla-
tion coefficient (R) and dynamic time warping (DTW) 
with a Euclidean distance metric. Pearson’s R was cal-
culated over short, non-overlapping windows, and the 
mean R-value across all windows was used as a measure 
of the signal’s correlation quality. To account for possible 
phase shifts between signals, a time-delay adjustment 
was applied by shifting one signal by n samples (n < Fs, 
where Fs represents the sampling rate) and selecting the 
maximum correlation observed over the range of shifts. 
DTW is widely recognized for its robustness in compar-
ing time series signals, particularly when dealing with 
variations in signal timing or phase. Previous studies 
have demonstrated its reliability in assessing the quality 
of rPPG signals [27]. This combination of metrics pro-
vides a comprehensive evaluation of signal integrity and 
its potential for physiological monitoring applications.

The results of the three evaluation metrics are pre-
sented in Fig.  6. For all algorithms performance is 
reduced greatly when motion is introduced as in tasks 

T2 and T3. Most notably for task 1 our motion compen-
sated signal far outperformed other algorithms in BPM 
error 5.139 (90% CI: 3.336, 6.941) with better error skew/
variance of 12.356 (90% CI: 10.270, 14.442) for task 2 and 
comparable performance 11.457 (90% CI: 9.197, 13.718) 
to other algorithms in task 3. Again in Pearson’s R our 
motion compensated mobiperf signal far outperformed 
other algorithms in task 1 at 0.335 (90% CI: 0.285, 0.386) 
while maintaining comparable (low) performance in 
the other tasks. DTW error was fairly noninformative 
with all algorithms (aside for POS) being comparable to 
each other in most cases. Overall, the MobiPerf signals 
either significantly outperform competing approaches 
or achieve comparable performance, with notably lower 
error variation and improved error distribution skew in 
many cases. As with the other algorithms shown here 
some motion is clearly tolerable but too much motion 
clearly makes the signals not usable for BPM estimation 
and other downstream tasks.

Diabetic foot ulcers
We evaluated the applicability of our system to real-world 
diabetic foot ulcer images using the DFUC2021 dataset 
[18, 28–31], which comprises over 15,000 images of foot 
and leg ulcers. For our analysis, we utilized the provided 
training set containing approximately 6,000 images, each 
labeled with ulcer pathology. The labels specify whether 
an ulcer exhibits ischemia, infection, both conditions, or 
neither. The images were captured using one of three dif-
ferent cameras under varying, unspecified room lighting 
conditions, without the use of flash. While most images 
are close-ups of the ulcers, some include background 
elements, as observed upon inspection. These inherent 
variations in imaging conditions provide a realistic and 
challenging testbed for our system, enabling us to evalu-
ate its robustness and performance under practical, real-
world scenarios.

To evaluate the power of our sigmoid oxygenation 
feature for identifying foot ulcer images with different 
pathologies, each image in the training set was processed 
following the methodology outlined in Sigmoid oxygen-
ation section to generate its corresponding sigmoid oxy-
genation map. To derive a comparable metric across all 
images, we computed the mean sigmoid oxygenation 
value over the entire image, resulting in a single represen-
tative oxygenation value for each ulcer image.

Figure 7 presents the distributions of the sigmoid oxy-
genation feature for different foot ulcer conditions—
ischemia, infection, both (ischemia and infection), and 
none—using violin plots. The x-axis represents the value 
of the oxygenation feature σ(O2), while the y-axis cor-
responds to the ulcer conditions. Notably, Very clearly 
ischemia ulcers mean oxy value skews right heavily and 
less apparently infection ulcers skews right moderately. 
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Empirically the distribution for both conditions looks 
Like the superposition of the distributions for ischemia 
and infection with twin peaks. On the other hand ulcers 
with no conditions demonstrated no skew or superposi-
tion behavior. We take it that this indicates that the sig-
moid oxy values is related to the condition of the ulcer 
to verify this we employ 2-way ANOVA with the results 
shown in Table  1. As p ≪ 0.0001 for both conditions 
we conclude that there is a statistically significant effect 
of condition on sigmoid oxy values obtained from our 
system.

Figure 7 also shows a few examples of processed images 
from our system on the DFCU2020 dataset [31] these 
images show the entire foot and clearly illustrate that 
the oxy images extract something unseen by the eye and 

related to ulcers, most notably the impacted oxy in the 
skin tissue around the ulcers.

Methodology
The goal of MobiPerf is to extract a comprehensive set 
of static and dynamic physiological features relevant to 
monitoring blood perfusion, using only ordinary images 
captured with off-the-shelf smartphones. As illustrated 
in the Fig.  1, the pipeline begins with the hyperspectral 
reconstruction phase, where an RGB image is captured 
using a standard smartphone. Using Deep Learning 
Hyperspectral Reconstruction (DL-HSR), the RGB image 
is converted into a 31-band hyperspectral image, closely 
resembling outputs from dedicated HSI cameras. These 
reconstructed hyperspectral images are then processed 
to estimate tissue composition through our innovative 

Fig. 6  Performance of MobiPerf rPPG signals vs signals generated by other common algorithms. a-c∥BPM∥ error of rPPG signals extracted using various 
algorithms from the UBFC-Phys dataset on tasks T1 (little motion), T2 (some motion) and T3 (significant motion) respectively. MobiPerf motion-robust 
(MP) and MobiPerf hemoglobin-only (MP[Hb]) can be seen in red and blue with stronger or comparable performance to other algorithms in all three 
tasks. d-f Absolute Pearson’s R again comparable or better performance can be seen from MP and MB[Hb]. g-i Dynamic Time Warping Error, comparable 
performance can be seen across the board
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Calibration-free Skin Composition Estimation (CF-SCE) 
algorithm. In the subsequent Feature Derivation phase, 
the system extracts physiological information from the 
tissue composition data. A Sigmoid Oxygenation Image 
is generated to visualize tissue oxygenation levels. Addi-
tionally, by capturing a series of RGB images over time 
and processing them through the pipeline, the system 
derives a remote photoplethysmography (rPPG) signal 
for each frame by identifying and averaging a region of 
interest (ROI) than applying signal processing tech-
niques, including alpha-tuning and frequency-domain 
filtering. This dynamic signal offers valuable insights into 

cardiovascular health, addressing a significant comorbid-
ity commonly linked to diabetes.

Deep learning hyperspectral reconstruction
In this work, hyperspectral images are reconstructed 
using deep learning, leveraging the MST++ model 
[32], a state-of-the-art transformer-based model with 
a U-shaped encoder-decoder architecture. We train a 
selection of models with parameters summarized in 
Tables 2 and 3.

31 bands were used when sampling camera spectral 
response function (CSRFs), lighting spectral efficiency 
functions (LSEFs), and resampling HSI images (when 

Table 1  ANOVA table
Source Sum Sq df F PR(> F)
C(Ischaemia) 0.021260 1.0 20.301810 6.74 × 10−6

C(Infection) 0.049680 1.0 47.440646 6.25 × 10−12

Residual 6.232995 5952.0

Fig. 7  Representative oxygenation images generated using MobiPerf from the DFCU2020 dataset, and per condition distributions of mean oxygenation 
over the DFCU2021 dataset. a-d representative sigmoid oxygenation and source RGB image pairs generated by MobiPerf from the DFCU2020 dataset 
around and/or within the ulcer higher values can be seen indicating poorer oxygenation something which can clearly not be seen from the RGB images. 
e violin plots of per condition distributions generated by taking the mean sigmoid oxygenation of each image in the DFCU2021 dataset. A large skew to 
the right can be seen for ulcers with ischemia, a small skew to the left can be seen for ulcers with infection. The distribution of images with Both conditions 
can be seen as a superposition of the individual-condition distributions with peaks that line up on left/right, whereas the distribution of images with no 
condition can be seen to have no discernible peaks or skew
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applicable). Much of our simulated testing used HSI 
images resampled to [460, 640]31 from [400, 700]31 for 
the purpose outlined in Pressure cuff study  section, so 
for models involved in that testing we also resample the 
training images to [460, 640]31 these resampled images 
are also used to generate the corresponding training RGB 
images. All RGB CSRFs and LSEFs were sampled how-
ever at [400, 700]31 so that any limitations associated 
with smartphone cameras are accurately represented to 
a extent.

Traditional deep learning hyperspectral reconstruction
For the majority of our testing both simulated and in-
the-wild we use two models trained under similar param-
eters from the same data. The MST700 model which was 
used for testing on in-the-wild data like in Diabetic foot 
ulcers and Remote photoplethysmography  sections and 
the MST640 was used for the testing in Pressure cuff 
study and Lighting variability sections. These models are 
both trained using the NITRE 2022 dataset [33] which 
is originally used in the MST++ paper and contains HSI 
images captured in indoor/outdoor environments. RGB 
images for training pairs were generated using a CSRF 
from a RGB camera and the corresponding HSI images 
to perform a weighted sum of spectral bands as in Pres-
sure cuff study section. Shot noise was injected into the 
RGB images in order to make the generated images more 
realistic. These setups closely match up with the original 
setup in the MST++ paper.

Deep learning reflectance reconstruction
The influence of lighting is a concern for many systems 
dependent on hyperspectral imaging these systems typi-
cally operate using a specific type of hyperspectral image 
known as a reflectance image which is a image where both 
spatially and spectrally the lighting is completely neutral 
such that for each band/location in the image 1 indicates 
complete reflectivity and 0 indicates no reflectivity. The 

process of converting a hyperspectral image to a reflec-
tance image is known as radiometric calibration. Here 
we attempt to train a model which essentially performs 
both hyperspectral reconstruction on a RGB image and 
then substantially also performs radiometric calibration 
on that image. We focus our attention on the limited case 
of one light source and spatially even lighting. To the best 
of our knowledge we are the first and only paper to apply 
reflectance reconstruction to whole images using deep 
learning. We believe this may be one of the first applica-
tions of whole-image reflectance reconstruction to a bio-
medical application.

We train 3 models under different objectives in order 
to test reflectance reconstruction ageist the task in Pres-
sure cuff study  section. In all three cases a RGB image 
is being mapped (→) to a HSI one with the subscript N 
indicating a reflectance image (or RGB image gener-
ated from a reflectance image) and the subscript L indi-
cating that a CIE Standard Illuminate has been applied. 
RGBL → HSIL can be said to preserve the effect of 
the illuminate in the RGB to the reconstructed HSI, 
RGBN → HSIN is said to map RGB images generated 
from reflectance ones back to reflectance images, and 
RGBL → HSIN performs reflectance reconstruction 
removing the effect of the illuminate. All three mod-
els are trained without noise injection and use the same 
bands as MST640. The models were trained using the 
KAUST dataset [34] a dataset of reflectance images.

Calibration-free skin composition estimation
Hemoglobin and Oxyhemoglobin are known as chromo-
phores meaning that within the skin along with melanin 
they are responsible for the overall color of the tissue. At 
each wavelength every chromophore absorbs a percent-
age of the light incident to it and reflects the rest in accor-
dance to its absorption spectra. A very typical method for 
estimating the amount or concentration of each of these 
materials is matrix inversion which can be applied when 

Table 2  Model training parameters general
Model Dataset RGB CSRF Noise Injection
MST700 NTIRE DLSR Yes
MST640 NTIRE Smartphone Yes
RGBL → HSIL KAUST Smartphone No
RGBN → HSIN KAUST Smartphone No
RGBL → HSIN KAUST Smartphone No

Table 3  Model training parameters lighting and bands
Model HSI CSRF Bands RGB CSRF Bands HSI lighting RGB lighting
MST700 [400, 700]31 [400, 700]31 Environment Environment

MST640 [460, 640]31 [400, 700]31 Environment Environment

RGBL → HSIL [460, 640]31 [400, 700]31 Augmented Augmented

RGBN → HSIN [460, 640]31 [400, 700]31 Neutral Neutral

RGBL → HSIN [460, 640]31 [400, 700]31 Augmented Neutral
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there are more camera channels then chromophores 
in the skin as this results in a matrix of sufficient rank 
(invertible). In this method a linear mapping (matrix) is 
constructed which combines both prior known and com-
plete information about the camera sensitivity to differ-
ent bands of light and the materials absorption of bands 
of light via a common physical law known as the Beer-
Lambert law obtained by prior characterization of both. 
This method requires a known lighting source spectra as 
well in order to derive the matrix transformation as the 
lighting can be thought of as a modulation of either the 
camera or material spectra. We refer to this as the extrin-
sic challenge and set out to solve it in order to allow for 
different unknown lighting sources to be used with this 
common and well understood method.

In our Calibration-Free Skin Composition Estima-
tion (CF-SCE) algorithm, we apply an approximation 
to the typical method for estimating skin composition 
from a hyperspectral pixel in order to avoid needing to 
do radiometric calibration (solving the extrinsic chal-
lenge). According to the Beer-Lambert law, the relation-
ship between the transmitted or reflected spectra, T (λ), 
the absorbed spectra, A(λ), and the concentrations of the 
substances in the sample as follows.

	 A(λ) = − ln T (λ) = ε(λ) · c · l.� (1)

Where λ denotes the wavelength of light, ε(λ) is molar 
absorptivity (or extinction coefficient) at λ, c is the con-
centration of the absorbing substance and l is the path 
length.

We note Here that the reflectance, by definition, is 
bounded between 0 and 1, and reflectance from the skin 
is generally not expected to fall below 0.05 (5%). Based 
on this, we propose our first approximation: the natural 
logarithm function, ln(x), can be approximated by a Lin-
ear function within the range of approximately 0.05 to 1.

	 A(λ) ≈ −(a · T (λ) + b).� (2)

Additionally, we assume that the skin primarily contains 
only the three chromophores of interest: hemoglobin, 
oxyhemogloban, and melanin (specifically eumelanin). 
And we simplify the analysis by assuming an optical path 
length of l = 1 (previous works have disregarded the path 
length as well [10]). Using the molar extinction coeffi-
cients [35, 36] for each chromophore (ϵHb, ϵHbO2, ϵM), 
the reflected spectra can be expressed as a linear combi-
nation of the material concentrations as follows:

	 −(a · T (λ) + b) ≈ ϵHb(λ) · cHb + ϵHbO2(λ) · cHbO2 + ϵM(λ) · cM.� (3)

By enumerating the equation for the 31 spectral bands of 
wavelength λ outputted by the spectral reconstruction, 

we obtain a system of 31 linear equations. This system can 
be represented in matrix form with E = [ϵHb, ϵHbO2, ϵM], 
ct = [cHb, cHbO2, cM]:

	 −a · p − 1b = Ec.� (4)

	 ct =
(
ET E

)−1
ET (−a · p − 1b).� (5)

Where the vector p is an observation of T (λ) for the 31 
band wavelengths. We then lastly choose to eliminate the 
constants a and b as we note that for our features we only 
need to estimate a quantity that moves with the true con-
centration the scale/offset unimportant for that unlike 
in the case of the true physical values. As such, we can 
replace the term (−a · p − 1b) with (−p). Now all nonlin-
earity in p has been addressed/eliminated. We finally can 
compute the “pseudo” concentration vector c of the three 
chromophores.

	 c =
(
ET E

)−1
ET (−p).� (6)

	
dct

dc
= a.� (7)

Since c is linear in p we can now normalize p as we see 
fit for each feature calculated based on c in the case of 
our oxygenation feature we chose to L1 normalize p in 
order to eliminate the influence of brightness variations 
throughout the image and to make images of different 
overall brightnesses comparable to each other. For rPPG 
extraction we chose not to normalize.

Feature derivation
Sigmoid oxygenation
We design a feature named sigmoid oxygenation, σ(O2), 
to measure the tissue oxygenation level based on the out-
putted concentration data from CF-SCE. For each pixel 
concentration vector c we apply the following relation to 
map it to a pixel sigmoid oxygenation value.

	
σ(O2) = 1 − σ

(∣∣∣∣
HbO2

Hb

∣∣∣∣
)

.� (8)

As mentioned before with CF-SCE the scale/offset of the 
Hb, HbO2 quantities is lost/unknown. So no subtraction/
addition of these quantities is meaningful. So we chose 
just to take the ratio of the two quantities to capture 
the understanding that when HbO2 is increased rela-
tive to Hb higher oxygenation should follow. As a ratio 
is involved the quantity 

∣∣HbO2
Hb

∣∣ may experience asymp-
totic behavior which makes visualization/scaling dif-
ficult. So we apply the sigmoid function Here to bound 
the quantity between 0 and 1. Finally, we apply an inverse 
transform to this bounded item to make higher sigmoid 
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oxygenation values indicate critical (low) areas also to 
make visualization easier.

Remote PPG
The process of extracting rPPG signals in MobiPerf 
is as follows. Each video frame is first passed through 
the pipeline outlined in Deep learning hyperspectral 
reconstruction and Calibration-free skin composition 
estimation  sections, generating the corresponding con-
centration images. For each frame, the region of interest 
(ROI) is defined based on the given 2D segment, and the 
mean concentration vector is computed by averaging the 
pixel-wise concentration vector values spatially within 
this region. This spatially-averaged vector serves as the 
basis for the signal extraction process.

To construct an rPPG signal, the hemoglobin (Hb) 
concentration from the mean concentration vector is 
selected for each frame, forming a time-series signal. 
Similarly, an alternative rPPG signal can be generated by 
considering the oxyhemoglobin (HbO2) concentration.

	
S1(t) =

∑
(i,j)∈Gt

Ct,i,j,Hb.� (9)

	
S2(t) =

∑
(i,j)∈Gt

Ct,i,j,HbO2 .� (10)

To further enhance signal robustness, we apply an alpha-
tuning technique [37], which leverages the in-phase 
dynamics shared between the Hb and HbO2 signals. 
By assuming that noise components are largely out of 
phase, alpha-tuning amplifies the shared in-phase com-
ponents while suppressing noise, resulting in a signal that 
is robust to dynamics caused by ballistocardiogram. The 
final enhanced output, termed the MobiPerf Motion-
Compensated rPPG, provides a more robust representa-
tion of cardiac dynamics, enabling accurate physiological 
assessments.

	
α = σ(S1(t))

σ(S2(t))
.� (11)

	 rPPGm(t) = S1(t) − α · S2(t).� (12)

Discussion
In this paper, we presented MobiPerf, a dual-function 
wound monitoring system specifically designed for dia-
betic foot care. Utilizing standard RGB images captured 
with a smartphone, MobiPerf estimates skin composition 
parameters by reconstructing HSI images using advanced 
deep learning techniques. The system was rigorously vali-
dated on hyperspectral video datasets and “in-the-wild” 

image datasets captured under diverse conditions and 
using multiple types of cameras. To achieve its robust 
performance, MobiPerf introduces key innovations at 
every stage of its pipeline. For HSR, we employed state-
of-the-art image-to-image MST++ model architecture, 
to ensure adaptability across various camera setups 
without requiring device-specific training. For skin com-
position estimation, we developed a novel brightness-
tolerant methodology that eliminates the dependence 
on controlled lighting or radiometric calibration, thereby 
enhancing usability in real-world scenarios. Addition-
ally, features such as the sigmoid oxygenation metric and 
robust rPPG signals were designed to provide diagnostic 
insight in diverse conditions. These innovations posi-
tion MobiPerf as a cost-effective, portable, and acces-
sible solution for diabetic foot ulcer monitoring. Beyond 
wound care, its systematic robustness improvements 
hold promise for advancing other mobile health tech-
nologies and improving outcomes for patients managing 
chronic conditions. In addition to the concerns we are 
about to explore future works can also look into quanti-
fying the effect of skin tone here on the performance of 
MobiPerf. As well as considering how to make the system 
real time for video capabilities such as rPPG through the 
use of model quantization reducing needed channel and 
image resolution and the like.

Lighting variability
HSI is conducted with radiometric calibration when 
used for scientific purposes as reflectance images which 
are physically meaningful are needed (typically xenon 
lighting which is considered spectrally neutral due to 
its consistent emission of light across all wavelengths). 
Radiometric Calibration is typically done using reference 
white/black images placed in the scene to normalize the 
image as disentangling the spectra/amplitude of the Light 
source from the reflectance at each pixel is very difficult, 
as it entails blind-factoring two 31-element vectors from 
another 31-element vector at each pixel a under defined 
problem.

In practical mobile environments, however users 
rarely have objects laying around that would redly serve 
as a reference target for radiometric calibration and the 
procedure for calibrating can be regarded as straining/
requires care to keep the environment static during sub-
sequent image capture. In order to address this we take 
two different approaches the first approach is to miti-
gate the need for radiometric calibration entirely as we 
do in Calibration-free skin composition estimation  sec-
tion, and the second approach is to integrate radiomet-
ric calibration into the hyperspectral reconstruction 
process yielding reflectance reconstruction without 
reference targets as we do in Deep learning reflectance 
reconstruction section.
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The results, presented in Lighting variability  section, 
reveal that performance does degrade moderately under 
challenging lighting conditions when we are only using 
CF-SCE. And as we can see in Reflectance reconstruc-
tion  section using reflectance reconstruction models 
is a way to address this performance shortfall as well as 
reduce performance variation generally. However since 
the shortfall is still only moderate and further since deep 
learning reflectance reconstruction is still very early (not 
been applied to multiple light sources, or uneven light-
ing), we chose not to use it for our in-the-wild testing 
although encourage readers to explore it further.

Despite the performance shortfall under challenging 
lighting, our “in-the-wild” evaluation on diabetic foot 
ulcer images (Diabetic foot ulcers section) shows that the 
system remains effective under non-ideal lighting condi-
tions with the sensitivity of our sigmoid oxygenation fea-
ture still being evident even under fully un-constrained 
circumstances. Additionally, as highlighted in Remote 
photoplethysmography section, the derived rPPG signals 
retain strong diagnostic reliability, even with unknown 
lighting conditions. These findings underscore Mobi-
Perf ’s robustness and adaptability in real-world environ-
ments, affirming its viability as a practical and portable 
solution for mobile health applications, particularly in 
diabetic foot care monitoring.

Camera variability
Previous studies have demonstrated that mobile phone 
cameras typically exhibit highly similar camera spectral 
response functions (CSRFs), which are defined by three 
vectors representing the sensitivity of each camera chan-
nel (R, G, and B) to bands of incident light [19]. This uni-
formity is in stark contrast to the substantial variation 
observed in DSLR spectral sensitivity functions, such as 
those present in the UBFC-Phys [17] and DFCU2021 [18] 
datasets used in our evaluations. Notably, the MST700 
model employed by our system was trained using a DSLR 
spectral sensitivity function as well. This variation sug-
gests that the evaluation conditions for our system, in 
terms of CSRF variability, may represent a more challeng-
ing scenario than applying the system to smartphones. 
Additional considerations however arise from the opti-
cal characteristics of mobile lenses, which may introduce 
chromatic aberrations due to size and cost constraints. 
These aberrations are intrinsic to the imaging pipeline 
and could influence the spectral accuracy of HSR. More 
extreme chromatic aberrations likely can cause sig-
nificant hallucinations in hyperspectral reconstruction 
models which form the backbone of the work. Likewise 
so may highly unusual lighting artifacts or sources even. 
Both are likely to have a effect on estimation of the chro-
mophores using CF-SCE even as it is designed to reduce 
the effect of unknown lighting.

Furthermore, while smartphones typically apply post-
capture color corrections—such as dynamic white bal-
ancing and pre-applied color correction matrices to 
enhance image realism—these adjustments may intro-
duce inconsistencies in HSR. A potential mitigation strat-
egy involves capturing raw images via permissive camera 
APIs, where available, and preprocessing them to enforce 
a standard white balance. Although this approach has 
been explored in prior studies, further investigation is 
necessary to fully address the effects of color correction 
in mobile imaging pipelines.

Bacteria
In this work, we demonstrated that our system is sensi-
tive to the differences between ulcers with ischemic con-
ditions and those without any pathological indications, 
using only the mean sigmoid oxygenation value derived 
from hyperspectrally reconstructed images. However, 
the system showed a much more limited capability in 
distinguishing infections from normal images. Here we 
propose a possible extension of the work to improve the 
infection capability.

Previous studies have demonstrated the potential of 
spectrometer-based measurements to detect bacte-
rial presence on wounds [38]. Specifically, spectrometer 
data were used to identify spectral signatures associated 
with common bacterial infections, such as Staphylococ-
cus aureus and Escherichia coli, with these spectral sig-
natures known a priori. The study explored whether 
hyperspectral imaging could similarly distinguish these 
infections using the same spectral markers. Building on 
this, we hypothesize that integrating these bacterial spec-
tral signatures into our HSR framework could enhance its 
ability to detect infections. Future work should focus on 
incorporating these spectral features into the system and 
evaluating its performance in detecting and classifying 
infected wounds.
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