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ABSTRACT

Single-chip imaging devices with vertically stacked photodiodes and pixelated spectral filters enhance multi-dye
imaging techniques for cancer surgeries. However, this advancement sacrifices spatial resolution. To address this
issue, we have created a deep convolutional neural network designed to demosaic color and NIR channels, and
its effectiveness has been confirmed through testing on both preclinical and clinical datasets.
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1. INTRODUCTION

Almost one in three people globally will have cancer, with surgical treatment being vital to excise localized tumors
and identify metastases.1–5 Surgery guided by near-infrared (NIR) imaging is becoming progressively crucial to
improving the accuracy of surgical techniques, driven by the development of highly targeted tumor probes,6,7

advanced imaging modalities,8 and the adoption of machine-learning techniques into the surgical workflow.9 The
more recent regulatory approval of tumor-targeted probes based on near-infrared (NIR) imaging such as Cytolux
has cemented NIR imaging as a novel and beneficial method for clinical practice.10–12

NIR imaging instruments evolved in concert with color imaging technology over the last decade.13–18 Initial
approaches used single NIR filters, or multiplexed signals of color and NIR over time, ultimately causing motion
artifacts. Some beam-splitter solutions allowed for simultaneous capture of color and NIR data at the cost
of larger and more complex instruments.19,20 Inspired by the Bayer filter’s widespread implementation and
success, our team created a compact, bioinspired hexachromatic sensor with color-NIR filters arranged in a
pixelated fashion and photodiodes that are vertically stacked to enable real-time imaging using multiple NIR
fluorescent markers.21–23 As with Bayer-patterned sensors, however, pixelation degrades spatial resolution,24–26

thus there is also a need for efficient demosaicing.

Demosaicing methods vary from simple interpolation to dictionary and learning-based approaches.27,28 Re-
cently, convolutional neural networks (CNNs) have become state of the art for inferring full-resolution images
from mosaic data due to their ability to learn relevant local features and inter-channel relationships.29–31 In this
paper, we present a CNN model specifically designed for our hexachromatic sensor, which recovers resolution for
both visible and NIR channels (Fig. 1A-D). We compare its performance with conventional interpolation meth-
ods on both a benchmark dataset (the Waterloo dataset32) and data acquired from our vertically stacked sensor.
Finally, we illustrate the clinical application of our method using preclinical and clinical examples. Comparing to
the previous work,33 we include the three channels reconstruction results for visible and NIR spectrum through
preclinical and clincal dataset.
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Figure 1. (A-B) illustrates the configuration of our visible-NIR image sensor with pixelated filters and vertically stacked
photodiodes. (C-D) presents the quantum efficiency characteristics of the image sensor. (E) showcases the design of the
demosaicing CNN for both color and NIR channels.

2. CNN DEMOSAICING IMPLEMENTATION

Figure. 1E shows the architecture of our CNN model for the bio-inspired camera demosaicing. The inpupt of the
CNN models contained 3 six channels of mosaiced 2D images, three for the visible image and the other three for
the NIR image. Because most of the demosaicing problem happens locally with a small range of pixels, our model
residual learning could be taken effectively with a crop of the image instead of a whole image. For each mosaiced
channel, the image is cropped to 50x50 pixels patches as an input for our model. Our residual learning-based
model contains 20 layers, and each layer contains a convolution, a batch normalization and a SELU activation
sublayer. The model follows the below equations:

Fn(Y) = selu(Y ∗Wn + Bn), n = 1. . .N-1 (1)

selu(x) =

{
λx if x > 0

λα(ex − 1) if x ≤ 0
(2)

F (Y) = FN-1(Y) ∗WN + BN (3)

We process three visible cropped patches and three NIR cropped patches through two parallel CNN models.
The models for visible and NIR images are identical only with different patterns of mosaiced inputs. In the
meantime, a bilinear interpolation is implemented on the input cropped mosaiced images as a baseline for
residual learning. The convolution layers output is added to the bilinear interpolation outputs as the model’s
results. Then it calculates the residual difference between the model’s results and the ground truth by using an
L2 loss function. With this method, the model is deliberately focused on learning the differences between the
actual data and the initial interpolated approximation, which tend to represent the more complex elements. As
a result, this specialized training strategy improves the model’s capacity to learn more effectively and efficiently.
Our models are trained on 474,400 image patches from the WED dataset containing 4,744 colorful images.

3. EVALUATION OF SINGLE-MODE VISIBLE IMAGE DEMOSAICING

To assess the CNN-based demosaicing routine’s performance of different images with rich colors and textures,
we use an unmosaiced image as a reference collected by a commercial camera (DP1x, Sigma) without a color
filter array. To bandpass only visible spectrum, a short-pass filter is mounted on the top of the camera while
taking a single still image with dimensions of 2640 by 1760 pixels. This image, featured as (Fig.2A), captures the
Electrical and Computer Engineering Building at the University of Illinois at Urbana-Champaign. We mosaic
the reference image by the checkerboard visible-NIR filter pattern to emulate the visible pixels of the camera

Proc. of SPIE Vol. 13306  133060B-2



Ground Truth 1D Bilinear Demosaicing CNN
B

A

Figure 2. (A) Building image of Electrical and Computer Engineering Building at the University of Illinois at Urbana-
Champaign captured by DP1x, Sigma (B) 80x80 pixels patches of building façade. Demosicing CNN shows much less
zig-zag in the reconstruction comparing to 1D bilinear results.

frame. The mosaiced reference image is as the input to our model. To evaluate the performances of our model,
the original unmosaiced reference image is considered as the ground truth to measure the reconstruction image
quality. A 1D bilinear interpolation is also implemented as a baseline to compare its demosaicing performance
with our model.

Four measures of the reconstruction image quality for quantitative analysis include peak signal-to-noise ratio
(PSNR), mean squared error (MSE), 95th structural dissimilarity index measure (DSSIM), and 95th percentile
color difference (∆E). Compared to the bilinear interpolation’s visible spectrum image reconstruction quality,
our CNN model greatly improves in different aspects of a whole image. For each color channel (blue, green,
and red), the PSNR increases by 2.33 dB, 2.20 dB, and 2.25 dB. The MSE for the CNN model reconstruction
improves by 40.6% rather than the baseline. For similarity, the 95% DSSIM advances 18.2% for our model. For
the three-color difference, 95% ∆E for our model improves 30.7%.

Rather than the whole visible spectrum image reconstruction quality, we are more interested in the recon-
struction quality of small image patches with rich colors and details. We crop one 80x80 pixels patch from the
image to analyze, the façade of the building wall as shown in (Fig.2B). For the façade of the building reconstruc-
tion quality, our model has a 6.96 dB better PSNR than the baseline. The MSE of our model’s output images
for three channels average drops 79.5%. For the dissimilarity index, the 95% DSSIM for our model improves
62.3%. The 95% ∆E of color difference shows 61.5% improvements. The bilinear reconstructed image shows
plenty of zig-zags at the edges and our model’s demosaicing façade is much smoother on those edges. Our model’s
demosaicing model peaks its performance at the still images with high frequency.

4. EVALUATION OF DUAL-MODE VISIBLE/NIR IMAGE DEMOSAICING

Expanding our model’s application to multi-spectrum imaging, we implement our demosaicing model on the 20
resultants still images collected in.25 Those images showcase the buildings and landmarks on the campus of the
University of Illinois at Urbana-Champaign. These images are taken by a custom camera with either a short-pass
filter to block the NIR spectrum and a long-pass filter to block the Visible spectrum. The custom camera is an
unmosaiced camera with three-photon detectors under each pixel, which could create ground truth unmoaiced
images in both Visible and NIR spectrum while mounting the short-pass and long-pass filters with cut-off and
cut-on frequency 700nm.

In comparison to the image reconstruction quality achieved by bilinear interpolation in the visible spectrum,
our CNN model exhibits significant improvements across various aspects when applied to the entire image.
Specifically, for each of the color channels (blue, green, and red), there is an increase in PSNR of 2.41 dB, 2.50
dB, and 2.50 dB. The CNN model’s reconstruction yields a 41.4% reduction in MSE compared to the baseline.
In terms of similarity metrics, our model demonstrates notable advancements. The 95% DSSIM increases by
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Figure 3. Preclinical mice visible and NIR fluorescence images reconstructed results comparing 1D bilinear and demosaicing
CNN.

24.0% for our model compared to the baseline. Additionally, when evaluating the color differences in the three
visible channels. The 95% ∆E shows a 14.2% improvement in favor of our model. When compared to the image
reconstruction quality of bilinear interpolation in the NIR spectrum of the dual-mode campus images, for each
of the NIR channels, we observe a respective PSNR increase of 1.80 dB, 1.67 dB, and 1.37 dB. Furthermore, the
CNN model’s reconstruction results in a substantial 33.0% reduction in Mean Squared Error (MSE) compared to
the baseline. The 95% DSSIM experiences a 10.8% improvement for our model. Considering the color differences
in the NIR channels, 95% ∆E of the reconstructed image indicates 16.6% enhancement.

5. RESULT OF PRECLINICAL AND CLINICAL DATASET

We also examine our model on a public preclinical dataset.26 The dataset contains 3 pairs of unmosaiced visible
and NIR in-vivo images of female mice with breast tumors (4T1, American Type Culture Collection; delivered
via subcutaneous injection and grown to 1 cm diameter). To provide NIR fluorescence on the breast tumors,
the three mice are injected IRDye 800CW Maleimide (100 µL at 11.91 µg per mL phosphate-buffered saline)
into the retro-orbital sinus and allowed to accumulate in the tumor over a 24-h period. The images are collected
by a custom camera with three stacked photon detectors mounting with an excitation filter to block the NIR
excitation light. The visible images is taken under a white light source illumination and the NIR images are
taken under an infrared source (I0785MU6000M4S, Innovative Photonic Solutions) illumination.

We implement our model on the three pairs of mice with breast tumor images and discover our CNN model
reveals significant improvements in several key metrics for both visible and NIR images. For each color channel,
the PSNR increases by 2.15 dB, 2.26 dB, and 2.00 dB. The MSE for the CNN model reconstruction improves by
34.7% rather than the baseline. For similarity, the average DSSIM decreased by 37.0% for our model. For the
three-color difference, ∆E for our model improves by 13.6%. Reconstructing the image in the NIR spectrum, for
each NIR channel the PSNR increases by 78 dB, 0.17 dB, and 0.11 dB. The average MSE for the CNN model
reconstruction improves by 10.1% rather than the baseline. For dissimilarity, the 95% DSSIM decreased by 7.0%
of our reconstruction. For the NIR color difference, 95% ∆E for our model improves 0.2%.

Clinical data were collected using our hexachromatic image sensor in two distinct scenarios (Fig.4). In the
first scenario, during breast cancer surgery, patients received a peritumoral injection of indocyanine green (ICG)
to delineate sentinel lymph nodes. The sensor was mounted above the surgical field, enabling real-time capture
of both color and NIR fluorescence videos as surgeons performed lymph node mapping. In the second scenario,
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Figure 4. (A-B) Color and NIR images captured in vivo during breast cancer surgery in the operating room. (C-D) Color
and NIR images captured ex vivo on the backtable during lung cancer surgery. Arrows indicate zipper artifacts at the
image edges, which are prominent when processed with bilinear interpolation but significantly reduced using our CNN
model.

lung cancer patients undergoing surgical procedures received VGT-309, a cathepsin-targeting ICG agent designed
to illuminate tumor microenvironments through fluorescence in regions with heightened cathepsin activity. Ex
vivo tissues were subsequently imaged directly in the operating room using our hexachromatic sensor, allowing
for detailed observation of tumor-specific fluorescence signals. Figure 4 presents the original images, those
processed via bilinear interpolation, and images enhanced using CNN-based interpolation. The CNN-enhanced
images exhibit sharper edges and significantly reduced zipper artifacts compared to bilinear interpolation, as
highlighted by the arrows in the figure.

6. CONCLUSION

In this paper, we demonstrated a deep learning-based model for a bio-inspired visible-NIR camera demosaicing.
Each pixel of the camera has three stacked photon detectors and is mounted by a pixelated checkboard visible-
NIR spectrum filter array. Compared to the bilinear routine for demosaicing, our model’s reconstruction quality

Proc. of SPIE Vol. 13306  133060B-5



of the campus building images has around 2.5 dB better performance in the visible spectrum and 1.6 dB better
in the NIR spectrum.

This model shows its capability in preclinical image demosaicing which has an average 2.1 dB better PSNR
than the baseline for the visible spectrum. The quality of the tumor and mice edge reconstruction is advanced with
fewer mosaiced spots. However, the NIR images of mice with breast cancers have quite low frequency, which is not
ideal for evaluating our model’s demosaicing in the preclinical field for the NIR range. We also see reconstruction
quality advances in the clincial dataset for both in vivo and ex vivo. The 1D bilinear reconstruction’s zig-zags
defects on the tumor edges have been avoided through our CNN model for both visible and NIR images.
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