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Supplementary Notes
The supplementary notes are organized as follows. Supplementary Note 1 discusses performance comparisons among
upconversion devices. Supplementary Note 2 provides characterizations of lanthanide transducers, including X-ray diffraction
and upconversion spectral measurements. Supplementary Note 3 discusses the mapping relationship between visible speckles
and near-infrared light fields. Supplementary Note 4 discusses the encoding mechanism of the scattering medium and the
entropy analysis of the speckle image. Supplementary Note 5 describes the architectures of S-ULRnet. Supplementary Note 6
discusses the experimental setup for light field generation and measurement. Supplementary Note 7 discusses the dynamic
range of modulation and power detection limit of the upconversion imaging system (UIS). Supplementary Note 8 discusses
image evaluation metrics and training configurations of S-ULRnet. Supplementary Note 9 provides additional results of the
retrieved biological organelles, irregular patterns, and speed sign images. Supplementary Note 10 discusses the configuration of
Resnet50. Supplementary Note 11 provides the upconversion imaging results using a 980 nm laser and broadband infrared light
excitation. Supplementary Note 12 discusses the long-term stability of the experimental setup.
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Supplementary Note 1 — Performance comparisons among infrared upconversion de-
vices.
Table S1 summarizes the imaging performance of the upconversion devices. Estimates of costs are based primarily on the
functional materials and processing costs.

Table S1. Performance comparisons of infrared-to-visible upconversion devices in previous works.

Infrared detection
methods /devices

Imaging
dynamic

range

Working
wavelength

Power
detection limit Cost

Complex-amplitude
imaging

Video
rate

InGaAs camera
(JCOPTIX AIC-NIR30GE) 8 bit 400-1700 nm - $10000 × ✓

Parametric
upconversion1 1 bit

2.9 µm
(5 nm bandwidth) - ∼ $1000 × -

Metalens2 1 bit 1105-1125 nm 1060 nW µm−2 ∼ $100 × ×
Lanthanide

upconversion3 1 bit 4.5–10.8 µm 0.3 nW µm−2 - × ×

Parametric
upconversion4 1 bit 1064 nm - ∼ $1000 × ×

Nonlinear
transmission matrices5 3 bit 800 nm 1012 nW µm−2 - ✓ ×

This work
(Upconversion

optical encoding)
8 bit

940-1020 nm &
1530-1565 nm 0.2 nW µm−2 ∼ $50 ✓ ✓
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Supplementary Note 2 — Characterizations of lanthanide transducers.
The fabrication process of the lanthanide transducer film is described in the Methods section of the main text. In Fig. S1a, the
powder X-ray diffraction patterns confirm the host material of ZnF2(H2O)4. Figure S1b displays the typical optical microscope
image of spin-coating lanthanide transducer film in a glass substrate. Utilizing the large-area lanthanide transducer film, we
verify its upconversion capabilities under structured short-wave-infrared (SWIR) light irradiation. When a SWIR laser beam
(@1550 nm), shaped by the spatial light modulator (SLM), illuminates the lanthanide transducer film, a direct upconversion
image is observed as shown in Fig. S1c. Note that a considerable noise background accompanies this direct upconversion
image. When the lanthanide transducers are excited with 1550 nm radiation, the Er3+ ions absorb two photons successively
and transition to a 4I9/2 state. Subsequently, the excited Er3+ ions relax to 4I11/2 state and then transfer energy to neighboring
Yb3+ ions or Er3+ ions, promoting them to an excited state. Next, the excited Yb3+ or Er3+ ions transfer energy to another
excited state of Er3+ ions, facilitating their transition to even higher energy states (4F9/2). Finally, the Er3+ ions at 4F9/2 return
to their ground state through radiative transition, emitting visible photons at approximately 660 nm. The inset of Fig. S1d
shows the optical spectra of the upconversion transducers under 1550 nm excitation, including two major emission bands,
corresponding to wavelengths of ∼ 660 nm and ∼ 980 nm, respectively. Figure S1d shows the photoluminescence intensity
curve as a function of the power of a 1550 nm laser source. The strong nonlinear dependence on the power density for the
upconversion photoluminescence may result in significant information loss in images. For example, Fig. S1e illustrates the
direct infrared imaging results obtained via the lanthanide transducer film, revealing that detailed information is lost due to the
threshold effect of upconversion.

0 20 40 60

0

500

1000

1500

2000

In
te

n
s
it
y
 (

a
.u

.)

Power density (mW/cm2) Upconversion imaging without encoder

d e

400 600 800 1000
0

0.5

1

In
te

n
s
it
y
 (

a
.u

.)

Wavelength (nm)

c

2 Theta (degree)

10 20 30 40 50 60 70 80
0

500

1000

1500

2000

2500

In
te

n
s
it
y
 (

a
.u

.)

a b

Figure S1. Characterizations of lanthanide transducer film. a, Powder X-ray diffraction pattern for
ZnF2(H2O)4:Yb3+/Er3+ sample. b, Optical microscope image of ZnF2(H2O)4:Yb3+/Er3+ lanthanide transducer film. Scale
bar: 30 µm. c, Photograph of the lanthanide transducer film under the illumination of SWIR light (@1550 nm). The illumination
light is structured via a smiling face mask. The inset shows the enlarged view of upconversion images. Scale bar: 2 mm. d,
The upconversion photoluminescence intensity of the lanthanide transducer film relating to the pump light power density (@
1550 nm). The inset is the typical photoluminescence spectra under the excitation of a 1550 nm laser. e, The experimental
upconversion imaging (right panel) under the illumination of a 1550 nm laser through an 8-bit photomask (left panel). The
image information is partially lost due to the pump power threshold effect and nonlinear optics of lanthanide film. This image
is adapted from the ImageNet dataset6.
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Supplementary Note 3 — Mapping relationship between visible speckles and incident
SWIR light field.
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Figure S2. Mapping relationship between visible speckles and incident SWIR light-field. The SWIR light-field
information cannot be retrieved by the conventional transmission matrix method using an upconversion speckle image because
the nonlinear-optic process of upconversion destroys the linear mapping relationship based on the transmission matrix of ground
glass.

Figure S2 shows a schematic of the SWIR light-field image system composed of the disordered encoder, lanthanide
transducer film, and silicon-based image sensor (SIS). The complex-amplitude SWIR light field is denoted as a complex number
that contains both amplitude and phase information, which can be expressed as:

EEE in = êee ·A(x,y)eiφ(x,y) (1)

where A(x,y) and φ(x,y) represent the amplitude and phase distributions of the incident light field, respectively; êee indicates
the unit vector of the electric field. Optical wave propagation through a highly scattering medium is a fundamental physical
phenomenon relevant to numerous research areas, including imaging through turbid media7 and information processing8. The
relationship between the respective incident and scattered wave fields can be described by a transmission matrix (T )9:

EEEout = T ·EEE in (2)

Then, we select lanthanide-doped luminescent materials as upconversion transducers, which can efficiently convert SWIR light
into visible light detectable by a conventional SIS. The mapping relationship between the visible speckles and incident SWIR
light field can be described by a nonlinear transfer function as follows:

I = F(|EEEout|2) = F(|T ·EEE in|2) (3)

where F(·) indicates the nonlinear operation for the upconversion process and correlates the SWIR speckle field with the
converted visible speckles (I). For example, the SWIR speckles can be mapped to visible speckles based on the measured
nonlinear upconversion relationship, as shown in Fig. S1d. Thus, the output visible speckle intensity recorded by an SIS can be
expressed as follows:

I = H(EEE in) (4)

where H(·) represents the mapping relationship between the incident SWIR light field (EEE in) and the intensity distribution of the
visible speckles. Therefore, the input SWIR light field can be formally retrieved by conducting an inverse mapping operation
as:

EEE in = H−1(I) (5)

where H−1 is the inverse mapping of the Supplementary Eq. 4. The nonlinear conversion process of SWIR light to visible light
destroys the linear mapping relationship of the transmission matrix. Besides, the limited efficiency of the luminescent materials
used and the photosensitivity of SIS lead to the loss of detailed information of input SWIR field and add to the difficulty of
perfect upconversion imaging10. Crucially, no physics-based theory has been reported so far that can effectively solve the
problem of image retrieved under such strong nonlinear relations. We overcome this limitation and retrieve H−1 via data-driven
deep learning methods11, as discussed in the main text.
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Supplementary Note 4 — Encoding mechanism via scattering medium and speckle image
entropy analysis.
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Figure S3. The effects of input beam waist on the performance of SWIR light-field sensor. a, Schematic illustration of
large-size speckle spots produced by ground glass when the illumination light source is of a small beam waist. b, Schematic
illustration of small-size speckle spots produced by ground glass when the illumination light source is of large beam waist. c,
Experimental upconversion speckle images with different input beam waists. Scale bar: 500 µm. d, Validation PCC of retrieved
images on speckle entropy. Data are presented as mean values processed from 5000 measurements.

This section begins with an intuitive method for deducing the communication degrees of freedom limit between two finite
two-dimensional planes with arbitrary source distributions under paraxial approximation9, 12. For the incident and receiver
planes with areas AS and AR, respectively, the minimum spot (a) generated by incident plane AS on receiver plane AR can be
obtained from the concept of solid angle as:

a ∼ λ 2D2

AS
(6)

where λ is the free-space wavelength, D is the distance between the two planes. As each spot can be utilized for independently
coding information, the information capacity can be intuitively regarded as the maximum containable number of spots on AR:

N ∼ AR

a
(7)

which is:

N ∼ ASAR

λ 2D2 (8)

Hence, by incrementally enhancing the waist of the input beam, the diffraction-limited spot size (a) of the speckle pattern is
decreased steadily since the physical size (AS) of the incident aperture is increased (Fig. S3a- b), enabling the speckle to carry
more information. Figure S3c shows the experimental upconversion speckle images captured with varying input beam waists,
clearly demonstrating a correspondence between the experimental outcomes and the predictions of the theoretical model. Since
the input SWIR light field is mapped onto a speckle pattern, the information capacity of the latter is crucial in determining the
performance of the proposed sensor when the information is retrieved by a deep neural network. Image entropy is a statistical
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metric of randomness, serves as a valuable tool in characterizing the information encapsulated within the speckle image. To
access the speckle entropy, we employ Shannon entropy, defined as follows:

S =−∑
i

pi log2 (pi) (9)

where pi is the probability density function (PDF) of the upconversion speckle image. Figure S3d shows the comparison of
validation PCC of phase image retrieving derived from different entropy resulting from varying sizes of input beam waists.
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Supplementary Note 5 — Architectures of the S-ULRnet.
Figure 3a in the main text shows the architecture of our designed S-ULRnet. The detailed structure of U-CNN is shown in
Figure S4. Table S2 displays the number of convolution kernels and the stride for each convolutional layer in the U-CNN
architecture. The input and output sizes for each block are also provided. The stride (S1, S2) for the convolutional layer in
the last Res-Encoder (block number 4) is set to 1, ensuring that the output is not further downsampled. The first Res-Decoder
(block number 5) does not require a transposed convolutional layer because it does not need to upsample the output from the
previous block. Instead, it performs channel concatenation directly with the output from the skip connection.
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Figure S4. Specific configuration of each module within U-CNN. a, The implementation of Res-Encoder, where there are
two convolutional layers in the main path and one convolution on the branch path. The output size of the two paths is the same,
and the output is formed by element-wise addition. b, The Conv. channel matching is implemented with a convolutional layer
using a 1× 1 convolution kernel and a stride of 1. c, The Res-Decoder implementation has two inputs: the output from the
previous module and the skip connection from the cross-layer. The feature map from the previous module is first upsampled
using a transposed convolutional layer, then concatenated with the skip connection output from the cross-layer. The resulting
feature map is then compressed using a structure similar to that of the Res-Encoder.
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Table S2. The configuration of parameters within the convolutional block. "C" represents the number of convolution
kernels, indicating the number of channels in the feature map generated by the convolution layer. "S" represents the stride of
the convolution operation.

Block number C1 C2 S1 S2 Input size Output size

1 1 64 1 1 92× 92× 1 92× 92× 64
2 64 128 2 1 92× 92× 64 46× 46× 128
3 128 256 2 1 46× 46× 128 23× 23× 256
4 256 512 1 1 23× 23× 256 23× 23× 512

5 256 N/A N/A 1
23× 23× 512
23× 23× 256 23× 23× 256

6 128 N/A 2 1
23× 23× 256
46× 46× 128 46× 46× 128

7 64 N/A 2 1
46× 46× 128
92× 92× 64 92× 92× 64

Figure S5. Ablation study on the fully connected (FC) layer. The plot shows the training and validation loss curves (SSIM
values) over 40 epochs for S-ULRnet. The removal of the FC layer leads to a substantial increase in both training and validation
loss, confirming its necessity for the model’s effectiveness.
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Supplementary Note 6 — Experimental setup.
The experimental setup is shown in Fig. S6. The details of experimental parameters can be found in the Methods section of the
main text.
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Figure S6. Experimental setup for structured SWIR light-field generation and upconversion detection. The structured
light field is created using a phase-only spatial light modulator (SLM). The apparatus for the SWIR light-field sensor is
composed of ground glass, upconversion transducer film, and SIS.

Table S3. The detailed parameters of operation time. The upload time of hologram can be minimized by using a digital
mirror device (Fldiscovery, F4320 DDR 0.95 1080P), which is substantially smaller than 0.05 ms. Therefore, the hologram
uploading time can be excluded for consideration.

Step of
single-shot process

Specific
operation

Time
consumption

Device/software
dependence

1. Hologram upload
Loading the pre-calculated
phase hologram onto SLM ∼ 16.7 ms

Limited by the SLM’s
hardware refresh rate

2. Image capture
Acquiring the diffraction

pattern of the object
using a CMOS camera

∼ 35 ms
Determined by the camera’s

photosensitivity and gain

3. Complex field retrieval
Network inference

(input: captured speckle pattern;
output: reconstructed complex field)

∼ 5 ms
Dependent on the GPU

(Nvidia RTX4090 graphics card)
and optimized network structure

Total time tested ∼ 56.7 ms
Effective reconstruction time
(excluding hologram upload) Steps 2+3 ∼ 40 ms
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Supplementary Note 7 — The dynamic range of modulation and power detection limit of
upconversion image sensor.
Figures S7a and S7b show the retrieved results of complex-amplitude SWIR light field with 2-bit and 8-bit dynamic range of
modulation, respectively. Based on the typical recovery results and statistical outcomes presented (Figure S7c), we claim the
developed UIS can achieve excellent imaging performance for 8-bit grayscale of both amplitude and phase.
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Figure S7. Upconversion imaging performance with different dynamic range digital image. a,b The ground truths,
the single-shot upconversion speckle, and the corresponding retrieved light-field information by the S-ULRnet are shown
using the 2-bit grayscale images (a) and 8-bit grayscale images (b). c, Validation PCC of the complex-amplitude image,
with 2-bit grayscale images and 8-bit grayscale images. The validation PCC is averaged over 3000 measurements from the
Fashion-MNIST13. The error bar indicates the standard deviation of retrieved fidelity.

To characterize the infrared response of the UIS, the integration time used for the SIS is 35 ms. The power detection limit
is calculated using the following equation: power (density) detection limit=(Minimum detection power)/(effective area), in
which the minimum detection power is recorded when the exposure time of the SIS reaches 35 ms and the retrieved accuracy
is good. The set exposure time of 35 ms and inference time of 5 ms achieves a video frame rate. Figure S8 illustrates the
retrieved results under different power densities. It is observed that when the power density reaches 0.2 nW µm−2, the intensity
of upconversion speckle is sufficient to reconstruct target images with acceptable quality, while simultaneously allowing the
sensor’s acquisition speed to reach video frame rates. This means the sensor’s response time is sufficiently fast to capture
images for smooth video playback at this power density level.
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Figure S8. Upconversion imaging performance with different power density. a,b The ground truths, the single-shot
upconversion speckle, and the corresponding retrieved light-field information by the S-ULRnet are shown using the power
density of 0.05 nW/µm2 (a) and power density of 0.2 nW/µm2 (b). c, Validation SSIM of the complex-amplitude image with
different power densities. The validation SSIM is averaged over 5000 measurements from the ImageNet dataset14. The error
bar indicates the standard deviation of retrieved fidelity. The integration time for the SIS is set as 35 ms.
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Supplementary Note 8 — Image evaluation metrics and training configuration of S-ULRnet.

To evaluate the quality of the retrieved images, we introduce the Pearson correlation coefficient (PCC)15 and structural similarity
index (SSIM)14. The PCC is defined as:

PCC(G,R) =
∑i

(
gi − Ḡ

)
(ri − R̄)√

∑i
(
gi − Ḡ

)2
∑i (ri − R̄)2

(10)

where gi and ri represent the pixelated values (pixel index i) of the ground truth and retrieved images, respectively. Ḡ and R̄
are the mean values of g and r, respectively. SSIM evaluates image quality based on three aspects: brightness, contrast, and
structure, which align better with the visual effects perceived by human vision. The calculation formula is as follows:

SSIM(G,R) =
(2µgµr +C1)(2wgr +C2)(

µ2
g +µ2

r +C1
)(

w2
g +w2

r +C2
) (11)

where µg and µr are the average of the ground truth and retrieved images, respectively; wg and wr are the standard deviations of
the ground truth and retrieved images, respectively; wgr is the cross-covariance between the ground truth and retrieved images;
C1 and C2 are regularization parameters.

The S-ULRnet is implemented using Python 3.9.13 in PyTorch 2.0.0. The model is trained using the AdamW optimizer,
which is an improved version of the Adam optimizer known for better generalization performance16. The initial learning rate is
set at 1×10−6 and increases to 1×10−3 after 5 epochs of warm-up. The learning rate decreases to 1×10−9 in the final epoch,
following a cosine annealing schedule. Throughout the training process, the loss function value does not show significant
fluctuation17. The total number of training epochs is set to 40 to ensure training convergence. SSIM is chosen as the loss
function, and the specific implementation details can be found in Ref.18, 19. Figure S9 shows averaged loss functions, SSIMs,
and PCCs of the training dataset and validation dataset during the training procedure. Figure S10 shows the PCC distribution of
the validation dataset. The retrieved PCC utilizing the same training configuration of S-ULRnet converges to 0.99 after training,
indicating that high fidelity of the retrieved image information has been achieved. Table S4 summarizes of performance of the
retrieved image performance for different modulation schemes and the used image datasets, i.e., Fashion-MNIST and ImageNet.
For the image reconstruction task of speed limit signs, due to the small size of the dataset in Ref.20, we mix them with the
ImageNet dataset and train them together.
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Figure S9. Average loss functions, SSIMs, and PCCs of the training dataset and validation dataset during training
procedures. a, Training process of retrieved amplitude-based images. b, Training process of retrieved phase-based images.
Here, the Fashion-MNIST dataset is used in amplitude/phase image modulation13.
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Figure S10. PCC distribution of the validation dataset. a, Validation PCC of retrieved amplitude-based images. b,
Validation PCC of retrieved phase-based images. Here, the Fashion-MNIST dataset is used for amplitude/phase image
modulation13.

Table S4. Summaries of performance of image retrieval for different modulation schemes and image datasets. Dataset
type, modulation scheme, dataset size, and averaged fidelity (SSIM and PCC) are labeled. The resolution of all images is 92×92.
All validation sets are 10% of their corresponding datasets.

Dataset Modulation scheme Dataset size Average fidelity (SSIM/PCC)

Fashion-MNIST Amplitude 30000 0.901/0.989
Fashion-MNIST Phase 30000 0.899/0.989
Fashion-MNIST Complex amplitude 30000 0.884/0.974

ImageNet Amplitude 50000 0.773/0.917
ImageNet Phase 50000 0.712/0.853
ImageNet Complex amplitude 50000 0.674/0.741

ImageNet & speed limit sign image from Ref.20 Amplitude 51712 0.932/0.954 (for speed limit signs)

Figure S11. The effect of dataset size on the reconstruction performance, using the ImageNet dataset with complex
amplitude modulation. The performance is evaluated using the SSIM on the validation set, which was consistently held at 10%
of the total dataset size. Increasing the data amount for training the neural network can improve the performance of S-ULRnet.
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Supplementary Note 9 —Biological organelles, irregular patterns and speed sign images
retrieved.

Figure S12. a, Retrieved results of cell organelle images. The ground truths, the single-shot upconversion speckles, and the
corresponding retrieved amplitude information by the S-ULRnet are shown. The corresponding SSIM and PCC of the retrieved
results are labeled, respectively. b, The results of classifying cell organelles. The used images (ground truths) in (a) are adapted
from Ref20. c, Uncorrelated binary information is used to mimic the irregular patterns. The ground truths, the single-shot
upconversion speckles, and the corresponding retrieved amplitude and phase information by the S-ULRnet are shown.
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Figure S13. Retrieved results of traffic sign images. The ground truths, the single-shot visible speckle output and the
corresponding retrieved amplitude information by the S-ULRnet are shown. The corresponding SSIM and PCC of the retrieved
results are labeled, respectively.
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Supplementary Note 10 — Detailed configuration of Resnet50.

The dataset used for the classification task (Resnet50, see Fig. S14) is expanded by rotating the images used in Ref.20. For the
speed limit signs classification task, the total dataset size is 6720, which is also from the dataset provided in Ref.20. For the
classification task, labeled datasets are randomly split into training, validation, and testing sets under the ratio of 8:1:1. The
neural network model is implemented using Python 3.9.13 in PyTorch 2.0.0. The workstation used to train and test the neural
network is equipped with an Nvidia RTX4090 graphics card.

Figure S14. Standard Resnet50 network structure for upconversion image classification. a, Standard Resnet50
architecture. The red-channel image of the upconversion speckle is used as the input, and the convolutional layer and pooling
layer are used for downsampling and feature extraction. Finally, a fully connected layer is used as the output layer, and
the softmax function is used to convert the probability distribution of a limited number of specified categories. b, Specific
configuration of each residual convolutional block.
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Supplementary Note 11 — Complex-amplitude image retrieval under a 980 nm laser and
broadband infrared light excitation.

Since the energy level between 2F5/2 and 2F7/2 of Yb3+ ion accords to the 980 nm pump photon, the lanthanide transducers
with Yb3+ ions also emit visible red light under the illumination of a 980 nm laser. Figure S15 shows exemplary visualization
of retrieved complex-amplitude images under the excitation of a 980 nm laser. Both amplitude and phase information encoded
in the upconversion speckles can be retrieved with high fidelity using the proposed UIS. The average SSIM/PCC of the retrieval
light field is 0.849/0.948 for fashion images and 0.659/0.704 for general natural scene images.
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Figure S15. Complex-amplitude image retrieved under the excitation of a 980 nm laser. The ground truths, the visible
speckle, and the corresponding retrieved light-field information by the S-ULRnet are shown, where their corresponding SSIM
and PCC are given. These images in (a) are adopted from the Fashion-MNIST dataset13 and the images in (b) are adopted from
the ImageNet dataset6.
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Figure S16. The optical spectrum of a broadband infrared light source.

Figure S17. Experimental validation of the method’s robustness and generalization using a broadband light source.
Representative reconstruction results are shown for (a) the Fashion-MNIST dataset and (b) the ImageNet dataset.
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Supplementary Note 12 — Time-domain stability monitoring of SWIR upconversion imag-
ing.
To monitor the time-domain stability of the SWIR UIS, the PCC evaluating the correlation between an instantaneous speckle
pattern (every 15 minutes) with the first one is calculated, as shown in Figure S18. The proposed UIS can maintain high
repeatability (PCC > 0.96) after 24 hours, which is crucial for long-term applications.
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Figure S18. Time-domain stability monitoring of SWIR UIS under a fixed input light field. The PCC evaluating the
correlation between an instantaneous speckle pattern (every 15 minutes) with the first one is presented.
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