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ABSTRACT

The combination of upconverting nanoparticles (UCNPs) and immunochromatography has become a widely used
and promising new detection technique for point-of-care testing (POCT). However, their low luminescence effi-
ciency, non-specific adsorption, and image noise have always limited their progress toward practical applications.
Recently, artificial intelligence (AI) has demonstrated powerful representational learning and generalization capa-
bilities in computer vision. We report for the first time a combination of Al and upconversion nanoparticle-based
lateral flow assays (UCNP-LFAs) for the quantitative detection of commercial internet of things (IoT) devices. This
universal UCNPs quantitative detection strategy combines high accuracy, sensitivity, and applicability in the field
detection environment. By using transfer learning to train Al models in a small self-built database, we not only
significantly improved the accuracy and robustness of quantitative detection, but also efficiently solved the ac-
tual problems of data scarcity and low computing power of POCT equipment. Then, the trained AI model was
deployed in IoT devices, whereby the detection process does not require detailed data preprocessing to achieve
real-time inference of quantitative results. We validated the quantitative detection of two detectors using eight
transfer learning models on a small dataset. The Al quickly provided ultra-high accuracy prediction results (some
models could reach 100% accuracy) even when strong noise was added. Simultaneously, the high flexibility of
this strategy promises to be a general quantitative detection method for optical biosensors. We believe that this
strategy and device have a scientific significance in revolutionizing the existing POCT technology landscape and
providing excellent commercial value in the in vitro diagnostics (IVD) industry.

1. Introduction

with the challenges of photobleaching and phototoxicity. UCNPs are
new fluorescent probes that convert near-infrared excitation light into

In recent years, there have been outbreaks of sudden global public
health problems such as COVID-19 [1-3], Middle East respiratory syn-
drome (MERS) [4], and Ebola virus disease (EVD) [5]. Additionally, with
the increasing global trade, urbanization, and environmental changes
that continue to aggravate the risk of transmission, the development of
instantaneous rapid detection of infectious diseases is of great signif-
icance for the prevention and control of global public health. At this
stage, mainstream POCT is based on a fluorescence immunochromatog-
raphy assay with high sensitivity and specificity. Quantitative detec-
tion is achieved by applying fluorescent markers (such as UCNPs [6-8],
quantum dots (QDs) [9,10], fluorescent microspheres (FMSs) [11,12],
and organic dyes [13]) to lateral flow assays (LFAs) using radiomet-
ric strategies. However, the QDs, FMSs, and organic dyes typically re-
quire ultraviolet (UV) and visible light excitation, a process that comes
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high-energy visible or ultraviolet light through the anti-Stokes process.
Their near-infrared excitation properties can effectively avoid interfer-
ence from background fluorescence and co-excitation. UCNPs also offer
unique advantages, such as better optical and chemical stability, lumi-
nescence tunability, resistance to photobleaching, and low cytotoxic-
ity. This makes the use of upconversion fluorescence resonance energy
transfer (UC-FRET) technology with UCNPs an energy donor, highlight-
ing promising applications in POCT, biosensing, and medical diagnostics
[14].

In the early 21%t century, the first application of UCNPs in LFAs was
reported by Niedbala et al. [15] and Hampl et al. [16], who success-
fully detected 103 org/mL Escherichia coli O157:H7 in a sample on a
medium and 10 pg hCG in a 100-ul sample. This marked the begin-
ning of the "Age of Discovery" for UCNPs. Quantitative assays can pro-
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vide more accurate and important information than stereotypic anal-
ysis. For UCNP-LFAs, quantitative detection is achieved by measuring
the fluorescence intensity on the control line (CL) and test line (TL). Qu
et al. [17] developed fluorescent lateral flow immunochromatographic
assays (FLFIAs) based on UCNPs to achieve rapid quantification of Bru-
cella using changes in the fluorescence signal ratio of TL/CL, and ob-
tained satisfactory detection limits in different spiked samples. The re-
sults demonstrate the use of UCNPs for quantitative assays with high
specificity, reproducibility and stability. Hu et al. [18] utilized UCNP-
LFAs for drug-field detection, a similar approach to our study. They also
selected methamphetamine (MET) and morphine (MOP) in simulated
saliva samples as targets for quantitative detection and achieved a sen-
sitivity of 10 and 5 ng/mL, respectively, for MET and MOP detection
under 15 min using the TL/CL ratio on LFAs. UCNP-LFAs showed faster
detection efficiency and more accurate quantitative results than liquid
chromatography-mass spectrometry (LC-MS) in simulated saliva sam-
ples. However, the low luminescence efficiency and noise interference
still significantly hinder various UCNP-based detection techniques from
the application of theoretical laboratory studies in real-world practical
situations. In the existing research, the luminescence efficiency of UC-
NPs has been continuously improved from the material itself [19-23];
however, the design of quantitative detection platforms based on UCNPs
has been steadily integrated, made more intelligent, and miniaturized
[24-32].

In summary, the above detection methods have a strong identifica-
tion specificity and high detection sensitivity. However, optical signals
are inevitably subject to adverse factors, such as instrument parameters,
changes in the field environment, and interference from background
light scattering in complex sample matrices, resulting in enhanced im-
age noise and reduced detection sensitivity. This causes devastating in-
terference superimposed on the quantitative results of fluorescence de-
tection. This interference cannot be decoupled using an optical analysis
method. Although some techniques [30] can eliminate some of the im-
pacts, quantitative detection accuracy, and instrument portability, there
is an irreconcilable contradiction, which still does not meet the practi-
cal needs of rapid detection. How can the luminescence intensity and
efficiency of the UCNPs be enhanced? How can the accuracy, detection
limit, and detection time of optical probe signal detection in POCT be
enhanced for use as portable equipment in a complex detection environ-
ment? These two critical issues are of great relevance and commercial
value. In our previous study, we successfully enhanced the luminescence
intensity and efficiency of UCNPs by constructing up-conversion nano-
materials based on mesoporous silica-encapsulated core-shell structures
to reduce their quenching effect [33-35]. Furthermore, our research
group developed a variety of small quantitative devices based on up-
conversion luminescence and 5G technology for different detectors [36—
38]. Considering these factors, we believe that the best combination of
UCNP-LFAs and powerful Al technology is available for POCT. However,
little has been reported to date.

Transfer learning [39-41] is an essential approach in AI. The re-
search challenge in the biomedical field, unlike in other areas, is the in-
ability to obtain sufficient valid medical data. Although much research
has been aimed at combining transfer learning with bio-detection sen-
sors, it relies on a large amount of high-quality data labeling and robust
computational power devices. The introduction of transfer learning into
the biomedical field can solve the conflicts between large amounts of
data and small amounts of annotation, between large amounts of data
and low computational costs, and between personalized application sce-
narios and pervasive models. It improves its generalization performance
by considering empirical parameters learned in a one-dimensional space
and using them in another domain [42]. In recent years, there has been
much literature [43-48] on combining transfer learning with biological
detection. Kermany et al. [49] developed Al systems based on transfer
learning for diagnosing two basic classes of eye diseases and pneumonia,
which is the first time in the world that massive amounts of well-labeled,
high-quality data for transfer learning were used to achieve ultra-high
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accuracy diagnoses that can completely surpass the accuracy of human
doctors.

We foresee that this research can be extended to any optical-probe-
based biosensors. By combining UCNP-LFAs with transfer learning for
use in optical biosensors, we completely get rid of the complicated
preprocessing and image enhancement process, with a vast amount of
worker-labeled data being through traditional methods. It simplifies the
detection process and improves detection efficiency while reducing the
hardware computing power requirements. However, owing to transfer
learning, better Al models that are easier to deploy in local IoT devices
are available. In terms of safety and sustainability, the device is less
harmful to humans and the environment, and it can continuously de-
ploy the latest training models through continuous updates to achieve
device sustainability. These properties address the issues of real-time lo-
cal response, reliable service, and data privacy raised by on-site sensor
detection and POCT.

Specifically, 1. The first report introduced the concept of transfer
learning for the quantitative detection of upconverted nanomaterials.
2. We designed an Al-based solution strategy (including unique fea-
ture engineering and transfer learning) for the quantitative detection
of UCNP-LFAs in small datasets without special preprocessing and re-
quiring only a small amount of data. 3. Experiments were performed
to determine the accuracy of eight AI models trained by transfer learn-
ing in the quantitative detection of MET and MOP (the sensitivities of
the MET and MOP were 1 ng/mL and 0.1 ng/mL), the accuracy of the
models without transfer learning were then compared to those of tra-
ditional classification algorithms and an in-depth study on the effect
of image noise on quantitative method detection results conducted. 4.
An efficient, universal, portable commercial IoT device for upconver-
sion luminescence quantitative detection was developed by deploying a
trained transfer-learning model in a local IoT device (Fig. 5). The device
was 100 mm x 120 mm X 74 mm and weighed only 351.2 g, with the
capability of inferring highly accurate real-time results in only 20 s.

2. Experimental section
2.1. Data preparation for transfer learning

Image sequences containing CL and TL fluorescence excitations on
the LFA sensor (Fig. 1c) were obtained by the luminescence capture
sensor (Fig. 1a and b). Due to the camera fixation, we can easily ob-
tain the region of interest (ROI) for CL and TL fluorescence excitation.
Subsequently, we stitched the two-strip ROI together using a preset pro-
gram (Fig. 1d). The above process was repeated using image sequences
that corresponded frame by frame. Finally, MET, MOP, and two small
datasets for proof-of-concept were constructed separately. The data set
for quantitative detection of MET contains four standard concentration
gradients of 1 ng/mL, 2.5 ng/mL, 10 ng/mL and 20 ng/mL; with 37 im-
ages (240 px x 240 px) available for each concentration making a total
of 148 raw data, of which 7 images were selected for each concentra-
tion for a total of 28 as the MET test data set. Similarly, the data set for
the quantitative detection of MOP contains four standard concentration
gradients of 0.1 ng/mL, 1 ng/mL, 10 ng/mL and 100 ng/mL (0.1 ng/mL
is the lower concentration), 29 images (240 px x 240 px) for each con-
centration, a total of 116 raw data, of which 9 images were selected for
each concentration, for a total of 36 images as the MOP test data set
(Fig. 2).

2.2. Feature engineering and data augmentation

Feature engineering plays a crucial role in determining Al accuracy.
Good feature selection determines the upper limit of the accuracy of
the AI model. Owing to the high cost of dataset label collection, we
propose a feature-engineering method applicable to upconverted fluo-
rescence detection through extensive preliminary research. Specifically,
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Fig. 1. The proposed implementation of the flow of artificial intelligence-based quantitative upconversion luminescence detection under small sam-
ples. The method enables rapid upconversion luminescence quantitative detection with high accuracy, ultra-sensitivity, and strong noise tolerance. (a) The actual
developed portable device for upconversion luminescence quantitative detection. (b) Diagram of the hardware structure of the device. (c) Schematic diagram
of UCNP-LFAs. (d) Implementation scheme for constructing a training database using a small number of samples. (e) Implementation of the data augmentation
process. (f) The workflow for implementing transfer learning into the pre-trained network. (g) Deployment of trained Al models to local devices. (h) Majority
Voting strategy, which aims at absolute accuracy of the final prediction results. (i) Fast transfer of prediction results to PC or mobile interfaces through real-time

inference.

the raw data were transformed in the preprocessing stage using seven
transformations: image stitching, polar coordinate conversion, 10 %
Gaussian noise, rotation, Gaussian smoothing, horizontal flip, and im-
age RGB channel extraction of the G channel. Meanwhile, to enhance
the model generalization ability to avoid model overfitting, two data
augmentation methods of random scaling (scaling factor: 0.9 to 1.1)
and random cropping (cropping range: -30 to 30 px) will be used in
the training process to avoid overfitting (not included in the training
data). Finally, the training dataset for all four concentrations of quanti-
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tative detection of MET was expanded to 2,520 sheets, and the training
dataset for quantitative detection of MOP was expanded to 1,920 sheets
(Fig. 2).

2.3. Models for UCNP-LFAs using transfer learning
We selected ResNet50 [50], ResNet101 [51], VGG16 [52], VGG19,

GoogleNet [53], MobileNet V2 [54], AlexNet [55], and DenseNet201
[56], making a total of eight classical Al models (Table 1 and Fig. 3).
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Table 1
Properties of the 8 pre-trained models selected for the experiments.

Model Depth Size Parameters (Millions) ~ Image Input Size
ResNet50 50 96 MB 25.6 224 x 224
ResNet101 101 167 MB 44.6 224 x 224
VGG16 16 515 MB 138 224 x 224
VGG19 19 535 MB 144 224 x 224
GoogleNet 22 27 MB 7 224 x 224
MobileNet V2 53 13 MB 3.5 224 x 224
AlexNet 8 227 MB 61 227 x 227
DenseNet201 201 77 MB 20 224 x 224

Note: These 8 pre-trained networks have different network depths, network
sizes, network parameter scales, and input image sizes, and they cover almost
all forms of current deep learning models. The results obtained from the vali-
dation experiments on these 8 pre-trained models with small samples are gen-
eralizable.

The pre-trained models that can be used for transfer learning and their
related properties are listed in Table 1. It can be seen that each of these
pre-trained models has its characteristics in terms of network depth,
convolution method, and parameter size. For example, DenseNet201
has a network depth of up to 201 layers and VGG19 has a maxi-
mum parameter size of 144 million. Most of these pre-trained mod-
els were trained based on the ImageNet database with more than one
million images. They can classify input images into up to 1,000 object
classes, covering almost all common objects, plants, and animals in life.
Transfer learning fine-tunes deeper layers in the network by training
these pre-trained models based on new datasets. Fine-tuning the net-
work is usually faster and easier than building and training a new net-
work, and allows learning features specific to the new self-built dataset,
where the network depth is defined as the maximum number of se-
quential convolutional or fully connected layers in the path from the
input layer to the output layer. The inputs to all the models were RGB
images.

2.4. Transfer learning model configuration and training

In Fig. 3, the implementation process is roughly divided into load-
ing data, loading the pre-trained network, transfer learning (fixing the
initial layer and replacing the final layer), training the network, and
evaluating the network after transfer learning. The fixed initial layer of
transfer learning means that the weight parameters of the shallow layer
are fixed by setting the learning rate of the shallow network layer to
0. However, the parameters of the fixed network layers are not updated
during the training process, and fixing the weights of multiple initial lay-
ers can significantly speed up network training because the gradients of
the fixed network layers no longer need to be calculated (Table 3). How-
ever, fixing shallower network layers also prevents these layers from
overfitting the dataset used for training because of the small size of the
upconverted light-emitting dataset. The final replacement layer of trans-
fer learning, the convolutional layer of the network, extracts the image
features used by the last learnable layer and the final classification layer
to classify the input image. In most models, the final layer with learn-
able weights is the fully connected layer. This fully connected layer was
replaced with a new fully-connected layer, where the number of outputs
was equal to the number of classes in the new dataset.

Specifically, we trained the model using a single NVIDIA RTX 3080
graphics card, while setting the learning rate of the first 10 initial layers
to zero. The Adam optimization algorithm was used to optimize the net-
work parameters to minimize the loss function (the default parameters
were set for all eight models). Ten batch samples were used along with
40 training rounds. Because the model using transfer learning converged
on the original data, it was necessary to set a smaller learning rate (the
initial learning rate was 3e-4) and use a learning rate decay strategy.
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The learning rate is reduced by a factor of 0.2 every five rounds, until
the final 40th round.

2.5. Majority Voting strategy

The biomedical field has extremely stringent requirements for the ac-
curacy and reliability of the results. To further improve robustness and
accuracy, the chance error caused by a single detection picture should
be reduced and the characteristics of optical sensors should be com-
bined. In the actual curbside detection, for each detection strip inserted
into the luminescence capture device, the device automatically captures
images in a time series, and through the image preprocessing process,
the CL-and TL-excited fluorescence images are stitched into five pic-
tures to be detected according to the time series (Fig. 1). These five
images were then fed into the trained network. Eventually, if a category
receives more than half of the votes, it is predicted to belong to that cat-
egory; otherwise, the prediction is rejected. Using this simple and effec-
tive judgment strategy, extremely accurate detection results can be ob-
tained within 20 s in a practical and complex test environment (Fig. 1h).
If continuous data (e.g., predicted concentration values between 1 and
10 ng/mL) need to be predicted, only the regression layer needs to be
included at the end of the network to fit the regression model.

3. Results and discussion
3.1. Characterization of upconversion fluorescent probes

The preparation flow of the upconversion fluorescent probe is shown
in Fig. 4a. After preparation of upconversion fluorescent probes (Supple-
mentary Methods. A, Supplementary Methods. B), we performed trans-
mission electron microscopy (TEM) (Fig. 4b and c), X-ray diffraction
(XRD), and upconversion luminescence on the crystal structure of the
UCNPs. The XRD (Fig. S2) and upconversion luminescence (UCL) spec-
trograms were obtained (Fig. S3). The particle size distribution (Ta-
ble S1) and zeta potential of UCNPs@SiO,, UCNPs@SiO,-NH,, and
UCNPs@SiO,-COOH were characterized using dynamic light scattering
(DLS) (Fig. S4 and Table S2). Finally, we succeeded in preparing UCNPs
with homogeneous size, good dispersion, and green fluorescence, and
modified their surfaces to obtain biocompatible upconversion fluores-
cent probes on this basis.

3.2. Design of a transfer-learning-based system for the quantitative
detection of UCNP-LFAs

The upconversion fluorescence detector consists of a 980 nm laser,
custom guide, filter, CMOS camera, stepper motor, microcontroller unit,
Al acceleration module, and USB interface (Fig. 5c). After inserting the
lateral flow chromatography strips into the custom guide, the stepper
motor drags the lateral flow chromatography strips at a constant speed
and direction (Fig. S1). Simultaneously, the 980 nm laser emits near-
infrared light through the lens to form a rectangular focal line of 3
mm X 1 mm to excite the UCNPs captured on the TL and CL, which
results in green fluorescence. After filtering out the impurity light, the
CMOS camera captured a green fluorescent image. Following simple im-
age pre-processing, the final concentration of the substance to be mea-
sured can be calculated using an Al model deployed in the device for
transfer learning. Finally, the test results can be displayed on a screen or
uploaded to a smartphone via a communication interface such as Blue-
tooth/USB to create electronic medical documents. In this study, we
developed a smartphone application for use with this detection device
(Fig. 5a). In conclusion, the entire system is less harmful to the environ-
ment and human body, simple to operate, and can be applied to home
testing. Stabbing reduces the burden on large numbers of people visiting
central hospitals and improves the efficiency of scarce medical resource
utilization.
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Table 2

Accuracy of 8 Al models in 4 comparative experiments on different test datasets.

Model Database ResNet50 ResNet101 VGG16 VGG19 GoogleNet MobileNetV2 AlexNet DenseNet201
Using Transfer Learning MET 96.43% 92.86% 92.86% 96.43% 60.71% 85.71% 82.14% 100.00%

MOP 94.44% 88.89% 100.00% 100.00% 86.11% 55.56% 75.00% 100.00%
Using Transfer Learning MET 96.43% 96.43% 96.43% 85.71% 64.29% 64.29% 71.43% 85.71%
(10% Gaussian noise) MOP 94.44% 86.11% 91.67% 94.44% 88.89% 75.00% 69.44% 83.33%
Using Transfer Learning MET 92.86% 82.14% 92.86% 92.86% 53.57% 57.14% 53.57% 75.00%
(20% Gaussian noise) MOP 88.89% 83.33% 88.89% 94.44% 77.78% 69.44% 52.78% 88.89%
Using Transfer Learning MET 82.14% 78.57% 89.29% 71.43% 53.57% 67.86% 57.14% 64.29%
(30% Gaussian noise) MOP 86.11% 80.56% 41.67% 86.11% 58.33% 61.11% 41.67% 80.56%
No Transfer Learning MET 75.00% 82.14% 57.14% 53.57% 67.86% 75.00% 71.43% 78.57%

MOP 77.78% 66.67% 58.33% 50.00% 72.22% 38.89% 63.89% 33.33%

3.3. Experimental results using transfer learning

As shown in Fig. 6, the accuracy curves, loss curves, and test re-
sults during the training of 8 (ResNet50, ResNet101, VGG16, VGG19,
GoogleNet, MobileNet V2, AlexNet, and DenseNet201) models based
on transfer learning on both MET/MOP datasets show a confusion ma-
trix. It can be seen from the figure that the accuracy rate of the train-
ing set gradually increases during the training process until it reaches
a high accuracy; the loss curve also decreases steadily, and the accu-
racy and recall rate of the confusion matrix is maintained at a high
level.

In the cross-sectional comparison of the performance of the eight
models (Table 2), the transfer-learning-based DenseNet201 network
achieved an impressive 100 % accuracy on both the MET and MOP test
datasets, which is certainly an encouraging result. The accuracy of the
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VGG16 and VGG19 models was high in both datasets, especially in the
MOP dataset, where the accuracy was 100 %. The accuracy was slightly
lower than that of DenseNet201, VGG16, and VGG19, but they all re-
mained high. At the same time, it can be seen that GoogleNet, MobileNet
V2, and AlexNet are three lightweight models, which are not as good as
the other five models in terms of the general characterization ability ow-
ing to the network depth and parameter scale, and the small difference
between the classifications in the dataset based on the up-transferred
luminescence, resulting in a prediction accuracy below 90 %.

The above experimental results show that the accuracy of the quan-
titative detection results based on upconversion luminescence can be
well resolved using our proposed transfer learning solution combined
with AI models, even in very small training samples. This method is
also applicable to the quantitative detection of other optical biosensors.
In addition, the classification results and prediction percentages for all
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test set images on both the MET/MOP datasets can be intuitively derived Table 3
from this conclusion. (Figs. S5 and S6) Comparison of the accuracy of the 3 traditional classification methods
in the two test sets of MET/MOP respectively.
3.4. Experimental results without using transfer learning Model Database SVM KNN Random Forest*
. . . . MET 53.57% 28.57% 32.14%
The purpose of this experiment is to further verify that transfer learn- MOP o5 56% 33.33% 30.56%

ing is the main factor for the substantial increase in accuracy, and we
took eight classical models as examples (Fig. 7 and Table 2). None of the *The number of random forests containing decision trees is 20.
eight models was pre-trained in any dataset, and all parameters were ini-
tialized with random assignments. The results showed that the accuracy
of the training set of the models without transfer learning can only be
maintained at a low level. The loss curve decreases slowly, particularly
in VGG16 and VGG19, where the loss curve is almost horizontal dur-
ing the entire training process. The accuracy and recall of the confusion

generated by the actual complex field detection environment; and the
experiments revealed their high sensitivity to noise, serious overfitting,
and weak generalization ability.

matrix were low. 3.6. Noise addition experiments
In conclusion, Al models without transfer learning cannot solve the

contradiction between the lack of training samples and striving for We further validated the robustness of transfer learning in realis-

highly accurate results in the biomedical field under sample scarcity. tic and complex roadside detection environments (Fig. 8 and Table 2).

In addition, the classification results and prediction percentages for all We further validated this by adding 10%, 20%, and 30% Gaussian

test set images on both MET/MOP datasets intuitively led to this con- noises to the training and test sets in the three controlled experiments

clusion. (Figs. S7 and $8) (real extreme environments with noise levels close to 10%). The re-
sults are presented in Table 2. At noise levels close to approximately

3.5. Comparison with traditional classification algorithms 10%, most of the models showed a slight decrease in accuracy, which is

in line with the expectations. Among them, the ResNet50, ResNet101,

Three traditional classification algorithms were selected: SVM  and VGG16 models performed well with 96.43% accuracy in the MET
[59,60], KNN [61] and random forests [62]. The specific implemen- dataset; ResNet50 and VGG19 performed best with 94.44% accuracy in
tation scheme is as follows: A histogram of oriented gradient (HOG) the MOP dataset. At noise levels of 20% and 30%, all models exhibited

features is extracted for each image in the training set, and the ob-  a decrease in accuracy with increasing noise.

tained HOG features are trained for multi-classification learning using In conclusion, the results show that the transfer-learning-based
the three classification algorithms. In the prediction session, HOG fea- model has a strong generalization ability and stability. Validating the lit-
tures were extracted from the predicted images and imported into the  erature, it was concluded [63] that models need larger parameter sizes
corresponding algorithms to obtain the classification results. As shown to achieve higher accuracy when noise is present in the dataset. Specif-

in Table 3, the three traditional methods were separately applied to the ically, models with larger parameter sizes, such as VGG16 and VGG19,
two MET/MOP datasets. In the MET dataset, SVM performed the best had a stronger tolerance to environmental noise.
with 53.57% accuracy, and in the MOP dataset, SVM still performed

the best with 55.56% accuracy, but compared poorly with the network 3.7. Training time comparison experiment
applying transfer learning.

In general, the three classical classification algorithms, SVM, KNN, In the field of POCT, the use of a fast detection method with portable
and random forest, have low prediction accuracy (Figs. S9 and S10), and stable equipment is important for detection. One of the difficulties
which cannot solve the contradiction between the lack of training sam- in the medical field is the lack of access to sufficient valid medical data.
ples and the high accuracy of results in the biomedical field. Second, the As shown in Table 4, because transfer learning freezes most of the net-
three classification algorithms could not cope with the noise interference work layer parameters, these parameters do not need to be trained again,
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Fig. 6. Experimental results of transfer learning for the 8 transfer-learning-based models on 2 small sample datasets of MET/MOP. (a) and (b) show the
changes in the accuracy rate, change in the loss function and confusion matrix of the test results during training of the MET dataset and MOP dataset, respectively.
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Original image

10% Gaussian noise

20% Gaussian noise | 30% Gaussian noise

0.1 ng/ml MOP standard solution

100 ng/ml MOP standard solution

Fig. 8. Various image data for the small dataset constructed after adding 10%, 20% and 30% Gaussian noises, respectively.

and their training time is greatly reduced. This also makes it possible to
train the model using ordinary equipment, which will greatly reduce
the threshold of combining AI with fast detection equipment. This "cliff-
like" decrease in the training time is particularly evident in VGG16 and
VGG19, with a maximum reduction of about 22 times. The experiments
show that the introduction of transfer learning is a good solution for
the conflict between large amounts of data and low computational cost,
allowing for local miniaturization of the detection instrument with high
accuracy while also addressing medical data privacy issues due to the
local deployment of model inference.

3.8. Model evaluation standards

Model selection is of utmost importance for practical deployment.
Ideally, models that have undergone transfer learning have extremely
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high prediction accuracy, strong noise tolerance, and fast inference data.
However, a real situation often requires a careful trade-off between ac-
curacy, stability, and portability, and this compromise depends on the
actual application detection scenario and needs. The following conclu-
sions were obtained from the analysis of the convergence speed, accu-
racy, and loss value changes during training (Fig. 6); the relationship
between the three important characteristics of the model accuracy, pa-
rameter size, and training speed (Fig. 9); the relationship between dif-
ferent environmental noises and accuracy (Table 2); and different model
training times (Table 4).

(1) In upconversion luminescence quantitative detection, the model
depth is positively correlated with accuracy and negatively correlated
with environmental noise tolerance. It is positively correlated with
the training speed (the deeper the model, the slower the training
speed).
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Table 4
Comparison of the training time for the AI models with and without
transfer learning.

Training time

Training time (without using

Database Model (Transfer Learning) Transfer Learning)

MET ResNet50 30 min 119 min
ResNet101 158 min 237 min
VGG16 26 min 492 min
VGG19 40 min 524 min
GoogleNet 32 min 57 min
MobileNetV2 107 min 145 min
AlexNet 10 min 42 min
DenseNet201 209 min 534 min

MOP ResNet50 19 min 77 min
ResNet101 47 min 157 min
VGG16 14 min 305 min
VGG19 16 min 326 min
GoogleNet 13 min 25 min
MobileNetV2 41 min 52 min
AlexNet 3 min 15 min
DenseNet201 135 min 283 min

(2) In upconversion luminescence quantification, the parameter size
is positively correlated with the accuracy, ambient noise tolerance, and
convergence speed (faster to reach a high accuracy).

Because the eight Al models cover various architectures of the cur-
rent deep learning models, the above conclusions are universal. Finally,
VGG19 was selected as the "best model" for the final deployment in IoT
devices owing to its balanced performance in terms of accuracy, envi-
ronmental noise tolerance, and convergence speed.

3.9. Stability and performance

The stability of the proposed system was verified. In the experimen-
tal evaluation phase, we performed six replicate experiments (Rounds
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Fig. 9. The comparison of the accuracy, training time and parameter size
of the 8 AI models in MET detection. The bubble size in the figure is propor-
tional to the parameter size. Note: The plot above only shows an indication of
the relative speeds of the different models. The exact prediction and training
iteration times depend on the hardware and mini-batch size that you use.

1-6 in Fig. 10) with four groups of MET solutions of different concentra-
tions (1, 2.5, 10, and 20 ng/mL). According to the implementation flow
(Fig. 1), each time the same test strip was inserted into the system, the
system obtained the test results and predicted probabilities (represent-
ing the confidence of the results) for each of the five test images within
20 s. The final test results were obtained using a majority-voting strat-
egy. The results showed that correct results were obtained for the final
assay of concentrations in all four groups in these six replicated experi-
ments (Fig. 10). Although there were incorrect predictions in rounds 3
and 4, the majority voting strategy ensured the absolute accuracy of the
predicted results. It can also be observed that the incorrect prediction
results have a low prediction probability, which means that the model
is less confident in providing the prediction results. This phenomenon
also illustrates the stability of the AI model after transfer learning. In
general, these instabilities were acceptable.
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Fig. 10. The stability of the proposed system. Note: The results are obtained in MET detection with devices deployed using the VGG19 model after transfer

learning.
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Table 5
Comparison between other methods and the proposed technique.

Fundamental Research 3 (2023) 544-556

Detection time

Methods Detection target Limit of detection Detection range (min)
UCNP-LFAs (This work) MET and MOP 1 ng/mL for MET;0.1 ng/mL for MOP 1-20 ng/mL for MET;0.1-100 ng/mL for MOP  0.33
UCNP-LFAs([18] MET and MOP 10 ng/mL for MET;5 ng/mL for MOP  10-250 ng/mL for MET;5-100 ng/mL for MOP 2~15
UCNP-LFAs[38] MOP 0.1 ng/mL 0.1-10 ng/mL 0.5

LFAs[64] MOP 1 ng/mL 1-100 ng/mL 5~20
High-Performance Liquid Chromatography (HPLC)[65] MET 1.7 ng/mL 10~1000 ng/mL A few Seconds
Gas Chromatography-Mass Spectrometry (GC-MS)[66] MET 0.09 ng/mL 0.09~0.81 ng/mL 12.7
LC-MS[67] MET 0.2 ng/mL 4~20 ng/mL 20

Capillary Electrophoresis (CE)[68] MET 0.5 ng/mL 0.5~50000 ng/mL 15

Quantum dot-based[69] MET 6 ng/mL - 1~3

Finally, the system has advantages in terms of detection sensitivity
and detection time in comparison with reported related detection tech-
niques (Table 5).

4. Conclusion

In this study, we report for the first time a novel transfer-learning-
based full-flow system for the quantitative detection of UCNP-LFAs.
Among them, the introduction of transfer learning into optical biosen-
sors resolves the irreconcilable contradiction between the biomedical
field and traditional machine learning, which requires a large amount
of labeled data and substantial computational cost, making model train-
ing possible for common devices, which will strongly clarify the signif-
icant obstacle of combining AI with POCT neighborhoods. It provides
extremely simple pre-processing, higher accuracy, and greater noise tol-
erance without increasing the complexity of the existing systems. More-
over, we propose a suitable feature engineering and decision strategy
based on an actual quantitative fluorescence detection application sce-
nario. Finally, using a large amount of experimental data, we demon-
strate that a quantitative detection Al model with high accuracy can be
built using transfer learning with only a small dataset. Most importantly,
we developed a portable and highly accurate commercial platform based
on transfer learning and quantitative detection of UCNP-LFAs. We be-
lieve that introducing transfer learning into quantitative upconversion
fluorescence detection will make transfer learning widely applicable to
upconversion fluorescence measurement studies and imaging analysis,
and even expand into a general detection method for optical biosensors
in the future.

Data availability
The device captures the upconverted luminescent image database in
this study, and is available from the corresponding author upon reason-

able request. The MET and MOP training and testing datasets can be
accessed from https://dx.doi.org/10.17632/kbmb83ybhz.1.

Declaration of competing interest

The authors declare that they have no conflicts of interest in this
work.

Acknowledgment

The authors thank the financial support from the National Natural
Science Foundation of China (61905033 and 62122017).

Supplementary materials

Supplementary material associated with this article can be found, in
the online version, at doi:10.1016/j.fmre.2022.03.025.

555

References

[1]

[2]

[3]

[4]

[5

fad}

[6

—

[7

—

[8]

[9]

[10]

[11]

[12]

[13]
[14]
[15]
[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

M. Nicola, Z. Alsafi, C. Sohrabi, et al., The socio-economic implications of the coro-
navirus pandemic (COVID-19): A review, International Journal of Surgery (London,
England) 78 (2020) 185.

N. Chen, M. Zhou, X. Dong, et al., Epidemiological and clinical characteristics of 99
cases of 2019 novel coronavirus pneumonia in Wuhan, China: a descriptive study,
The Lancet 395 (2020) 507-513.

Z. Wu, J.M. McGoogan, Characteristics of and Important Lessons From the Coron-
avirus Disease 2019 (COVID-19) Outbreak in China: Summary of a Report of 72 314
Cases From the Chinese Center for Disease Control and Prevention, JAMA 323 (2020)
1239-1242.

W.H. Organization, WHO MERS global summary and assessment of risk, July 2019
(2019).

E. Kinganda-Lusamaki, A. Black, D.B. Mukadi, et al., Integration of genomic sequenc-
ing into the response to the Ebola virus outbreak in Nord Kivu, Democratic Republic
of the Congo, Nature Medicine 2021 27:4 27 (2021) 710-716.

A. Gulzar, J. Xu, P. Yang, et al., Upconversion processes: versatile biological appli-
cations and biosafety, Nanoscale 9 (2017) 12248-12282.

Y. Gong, Y. Zheng, B. Jin, et al., A portable and universal upconversion nanoparti-
cle-based lateral flow assay platform for point-of-care testing, Talanta 201 (2019)
126-133.

H. He, B. Liu, S. Wen, et al., Quantitative Lateral Flow Strip Sensor Using Highly
Doped Upconversion Nanoparticles, Analytical Chemistry 90 (2018) 12356-12360.
B. AN, T. NA, Z. AV, et al., Quantum dot-based lateral flow immunoassay for detec-
tion of chloramphenicol in milk, Analytical and Bioanalytical Chemistry 405 (2013)
4997-5000.

C. Wang, R. Xiao, S. Wang, et al., Magnetic quantum dot based lateral flow assay
biosensor for multiplex and sensitive detection of protein toxins in food samples,
Biosensors and Bioelectronics 146 (2019) 111754.

X. QY, W. YH, X. QR, et al., Advantages of fluorescent microspheres compared with
colloidal gold as a label in immunochromatographic lateral flow assays, Biosensors
& Bioelectronics 54 (2014) 262-265.

Z. Rong, Q. Wang, N. Sun, et al., Smartphone-based fluorescent lateral flow im-
munoassay platform for highly sensitive point-of-care detection of Zika virus non-
structural protein 1, Analytica Chimica Acta 1055 (2019) 140-147.

L.G. Lee, E.S. Nordman, M.D. Johnson, et al., A Low-Cost, High-Performance System
for Fluorescence Lateral Flow Assays, Biosensors 3 (2013) 360.

Z. Zhang, S. Shikha, J. Liu, et al., Upconversion Nanoprobes: Recent Advances in
Sensing Applications, Analytical Chemistry 91 (2019) 548-568.

R.S. Niedbala, H. Feindt, K. Kardos, et al., Detection of analytes by immunoassay us-
ing up-converting phosphor technology, Analytical Biochemistry 293 (2001) 22-30.
J. Hampl, M. Hall, N.A. Mufti, et al., Upconverting phosphor reporters in im-
munochromatographic assays, Analytical Biochemistry 288 (2001) 176-187.

Q. Qu, Z. Zhu, Y. Wang, et al., Rapid and quantitative detection of Brucella by up—
converting phosphor technology-based lateral-flow assay, Journal of microbiological
methods 79 1 (2009) 121-123.

Q. Hu, Q. Wei, P. Zhang, et al., An up-converting phosphor technology-based lateral
flow assay for point-of-collection detection of morphine and methamphetamine in
saliva, Analyst 143 (2018) 4646-4654.

S. D, C. S, L. X, et al., Upconversion System with Quantum Dots as Sensitizer: Im-
proved Photoluminescence and PDT Efficiency, ACS Applied Materials & Interfaces
11 (2019) 41100-41108.

T. Liang, Q. Wang, Z. Li, et al., Removing the Obstacle of Dye-Sensitized Upcon-
version Luminescence in Aqueous Phase to Achieve High-Contrast Deep Imaging In
Vivo, Advanced Functional Materials 30 (2020) 1910765.

T. Sun, Y. Li, W.L. Ho, et al., Integrating temporal and spatial control of electronic
transitions for bright multiphoton upconversion, Nature Communications 2019 10:1
10 (2019) 1-7.

Y. Wang, B. Chen, F. Wang, Overcoming thermal quenching in upconversion
nanoparticles, Nanoscale 13 (2021) 3454-3462.

N. Jurga, D. Przybylska, P. Kaminski, et al., Improvement of ligand-free modification
strategy to obtain water-stable up-converting nanoparticles with bright emission and
high reaction yield, Scientific Reports 2021 11:1 11 (2021) 1-10.

H. He, B. Liu, S. Wen, et al., Quantitative Lateral Flow Strip Sensor Using Highly
Doped Upconversion Nanoparticles, Analytical Chemistry 90 (2018) 12356-12360.


https://dx.doi.org/10.17632/kbmb83ybhz.1
https://doi.org/10.1016/j.fmre.2022.03.025
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0001
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0002
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0003
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0004
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0005
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0006
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0007
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0008
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0009
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0010
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0011
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0012
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0013
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0014
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0015
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0016
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0017
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0018
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0019
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0020
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0021
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0022
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0023
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0024

W. Wang, K. Chen, X. Ma et al.

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]
[36]

[37]

[38]
[39]
[40]
[41]
[42]
[43]
[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

Q. Hu, Q. Wei, P. Zhang, et al., An up-converting phosphor technology-based lateral
flow assay for point-of-collection detection of morphine and methamphetamine in
saliva, Analyst 143 (2018) 4646-4654.

Y. Jung, Y. Heo, J.J. Lee, et al., Smartphone-based lateral flow imaging system for
detection of food-borne bacteria E.coli 0157:H7, Journal of Microbiological Methods
168 (2020) 105800.

W. Xiao, C. Huang, F. Xu, et al., A simple and compact smartphone-based device for
the quantitative readout of colloidal gold lateral flow immunoassay strips, Sensors
and Actuators B: Chemical 266 (2018) 63-70.

Q. Mei, H. Jing, Y. Li, et al., Smartphone based visual and quantitative assays on
upconversional paper sensor, Biosensors and Bioelectronics 75 (2016) 427-432.
B.Jin, Y. Yang, R. He, et al., Lateral flow aptamer assay integrated smartphone-based
portable device for simultaneous detection of multiple targets using upconversion
nanoparticles, Sensors and Actuators, B: Chemical 276 (2018) 48-56.

H. Guo, X. Song, W. Lei, et al., Direct Detection of Circulating Tumor Cells in
Whole Blood Using Time-Resolved Luminescent Lanthanide Nanoprobes, Ange-
wandte Chemie - International Edition 58 (2019) 12195-12199.

D. Quesada-Gonzalez, A. Merkoci, Nanoparticle-based lateral flow biosensors,
Biosensors and Bioelectronics 73 (2015) 47-63.

Y. Gong, Y. Zheng, B. Jin, et al., A portable and universal upconversion nanoparti-
cle-based lateral flow assay platform for point-of-care testing, Talanta 201 (2019)
126-133.

J. Guo, S. Chen, S. Tian, et al., A sensitive and quantitative prognosis of C-reactive
protein at picogram level using mesoporous silica encapsulated core-shell up-con-
version nanoparticle based lateral flow strip assay, Talanta 230 (2021) 122335.

J. Guo, J. Zhang, S. Tian, et al., An up conversion optical system based on meso-
porous silica encapsulated up-converting nanoparticles labeled lateral flow im-
munoassay for procalcitonin quantification in Plasma, IEEE Journal of Selected Top-
ics in Quantum Electronics 27 5 (2021) 1-7.

M. X, W. X, H. K, et al., Motion Control of Urea-Powered Biocompatible Hollow
Microcapsules, ACS Nano 10 (2016) 3597-3605.

J. Guo, S. Chen, S. Tian, et al., 5G-enabled ultra-sensitive fluorescence sensor for
proactive prognosis of COVID-19, Biosensors and Bioelectronics 181 (2021) 113160.
J. Guo, S. Chen, S. Tian, et al., A sensitive and quantitative prognosis of C-reactive
protein at picogram level using mesoporous silica encapsulated core-shell up-con-
version nanoparticle based lateral flow strip assay, Talanta 230 (2021) 122335.

X. Zhao, Y. Fu, C. Ren, et al., Quantitative detection of morphine based on an up-
conversion luminescent system, Analyst 146 3 (2021) 989-996.

K. Weiss, T.M. Khoshgoftaar, D. Wang, A survey of transfer learning, Journal of Big
Data 2016 3:1 3 (2016) 1-40.

F. Zhuang, Z. Qi, K. Duan, et al., A Comprehensive Survey on Transfer Learning, in:
Proceedings of the IEEE, 109, 2021, pp. 43-76.

C. Tan, F. Sun, T. Kong, et al., A survey on deep transfer learning, International
conference on artificial neural networks, Springer, Cham, 2018.

J. Yosinski, J. Clune, Y. Bengio, et al., How transferable are features in deep neural
networks? Advances in Neural Information Processing Systems 4 (2014) 3320-3328.
H. H, Y. S, L. D, et al., Deep Learning for Biospectroscopy and Biospectral Imaging:
State-of-the-Art and Perspectives, Analytical Chemistry 93 (2021) 3653-3665.

H. TY, Y. JCC, Development of Crime Scene Intelligence Using a Hand-Held Raman
Spectrometer and Transfer Learning, Analytical Chemistry 93 (2021).

J. Yu, Y. Deng, T. Liu, et al., Lymph node metastasis prediction of papillary thyroid
carcinoma based on transfer learning radiomics, Nature Communications 2020 11:1
11 (2020) 1-10.

Y. Gao, Y. Cui, Deep transfer learning for reducing health care disparities arising
from biomedical data inequality, Nature Communications 2020 11:1 11 (2020) 1-8.
M. Perkonigg, J. Hofmanninger, C.J. Herold, et al., Dynamic memory to alleviate
catastrophic forgetting in continual learning with medical imaging, Nature Commu-
nications 2021 12:1 12 (2021) 1-12.

W.-F. Zeng, X.-X. Zhou, W.-J. Zhou, et al., MS/MS Spectrum Prediction for Modi-
fied Peptides Using pDeep2 Trained by Transfer Learning, Analytical Chemistry 91
(2019) 9724-9731.

K. DS, G. M, C. W, et al., Identifying Medical Diagnoses and Treatable Diseases by
Image-Based Deep Learning, Cell 172 (2018) 1122-1131 e9..

K. He, X. Zhang, S. Ren, et al., Deep residual learning for image recognition, in:
Proceedings of the IEEE conference on computer vision and pattern recognition,
2016.

K. He, X. Zhang, S. Ren, et al., Identity Mappings in Deep Residual Networks, Lecture
Notes in Computer Science (Including Subseries Lecture Notes in Artificial Intelli-
gence and Lecture Notes in Bioinformatics), 9908 LNCS (2016) 630-645.

K. Simonyan, A. Zisserman, Very Deep Convolutional Networks for Large-Scale Im-
age Recognition, in: 3rd International Conference on Learning Representations, ICLR
2015 - Conference Track Proceedings, 2014.

556

[53]

[54]

[55]
[56]
[57]
[58]
[59]

[60]

[61]

[62]
[63]

[64]

[65]

[66]

[67]

[68]

[69]

Fundamental Research 3 (2023) 544-556

C. Szegedy, W. Liu, Y. Jia, et al., Going Deeper with Convolutions, in: Proceedings of
the IEEE Computer Society Conference on Computer Vision and Pattern Recognition,
2014, pp. 1-9. 07-12-June-2015.

M. Sandler, A. Howard, M. Zhu, et al., MobileNetV2: Inverted Residuals and Linear
Bottlenecks, in: Proceedings of the IEEE Computer Society Conference on Computer
Vision and Pattern Recognition, 2018, pp. 4510-4520.

Alex Krizhevsky, H.E. Sutskeverllya, ImageNet classification with deep convolu-
tional neural networks, Communications of the ACM 60 (2017) 84-90.

G. Huang, Z. Liu, L. van der Maaten, et al., Densely connected convolutional net-
works, in: Proceedings - 30th IEEE Conference on Computer Vision and Pattern
Recognition, CVPR 2017. 2017-January, 2017, pp. 2261-2269.

ImageNet (2022) (n.d.) https://image-net.org/ .

O. Russakovsky, J. Deng, H. Su, et al., ImageNet Large Scale Visual Recognition
Challenge, International Journal of Computer Vision 115 (2014) 211-252.

C. Cortes, V. Vapnik, Support-vector networks, Machine Learning 1995 20:3 20
(1995) 273-297.

C. R, R. C, C. M, et al.,, Spatial regularization of SVM for the detection of diffu-
sion alterations associated with stroke outcome, Medical Image Analysis 15 (2011)
729-737.

N.S. Altman, An introduction to kernel and nearest-neighbor nonparametric regres-
sion, American Statistician 46 (1992) 175-185.

L. Breiman, Random Forests, Machine Learning 2001 45:1 45 (2001) 5-32.

D. Krueger, N. Ballas, S. Jastrzebski, et al., Deep nets don’t learn via memorization
(2017).

T. Teerinen, T. Lappalainen, T. Erho, A paper-based lateral flow assay for morphine,
Analytical and Bioanalytical Chemistry 406 (2014) 5955-5965.

R. Wang, X. Qi, L. Zhao, et al., Ionic-liquid-based dispersive liquid-liquid microex-
traction coupled with high-performance liquid chromatography for the forensic de-
termination of methamphetamine in human urine, Journal of Separation Science 39
(2016) 2444-2450.

M.K. Wozniak, M. Wiergowski, J. Aszyk, et al., Application of gas chromatography—
tandem mass spectrometry for the determination of amphetamine-type stimulants
in blood and urine, Journal of Pharmaceutical and Biomedical Analysis 148 (2018)
58-64.

M. Zhao, Z. Wang, S. Liu, et al., Simultaneous determination of three drugs in saliva
by UPLC-MS/MS, Chinese Journal of Forensic Medicine 33 (2018) 65-67.

P. Saar-Reismaa, E. Erme, M. Vaher, et al., In situ determination of illegal drugs in
oral fluid by portable capillary electrophoresis with deep UV excited fluorescence
detection, Analytical Chemistry 90 (2018) 6253-6258.

M. Masteri-Farahani, N. Mosleh, Modified CdS quantum dots as selective turn-on flu-
orescent nanosensor for detection and determination of methamphetamine, Journal
of Materials Science: Materials in Electronics 30 (2019) 21170-21176.

Wei Wang is currently pursuing a degree in biomedical equip-
ment, chemical sensors, and computer vision at the School of
Information and Communication Engineering, University of
Electronic Science and Technology of China.

Jinhong Guo received his bachelor’s degree in electronic en-
gineering from the University of Electronic Science and Tech-
nology of China, Chengdu, China in 2010 and Ph.D. degree in
biomedical engineering from the Nanyang Technological Uni-
versity in 2014. His current research interests are micro-nano
probes and sensing devices, machine learning, biological and
medical data security, and digital therapeutics.


http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0025
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0026
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0027
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0028
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0029
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0030
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0031
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0032
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0033
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0034
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0035
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0036
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0037
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0038
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0039
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0040
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0041
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0042
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0043
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0044
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0045
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0046
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0047
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0048
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0049
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0050
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0051
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0052
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0053
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0054
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0055
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0056
https://image-net.org/
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0058
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0059
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0060
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0061
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0062
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0063
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0064
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0065
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0066
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0067
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0068
http://refhub.elsevier.com/S2667-3258(22)00200-X/sbref0069

	Artificial intelligence reinforced upconversion nanoparticle-based lateral flow assay via transfer learning
	1 Introduction
	2 Experimental section
	2.1 Data preparation for transfer learning
	2.2 Feature engineering and data augmentation
	2.3 Models for UCNP-LFAs using transfer learning
	2.4 Transfer learning model configuration and training
	2.5 Majority Voting strategy

	3 Results and discussion
	3.1 Characterization of upconversion fluorescent probes
	3.2 Design of a transfer-learning-based system for the quantitative detection of UCNP-LFAs
	3.3 Experimental results using transfer learning
	3.4 Experimental results without using transfer learning
	3.5 Comparison with traditional classification algorithms
	3.6 Noise addition experiments
	3.7 Training time comparison experiment
	3.8 Model evaluation standards
	3.9 Stability and performance

	4 Conclusion
	Data availability
	Declaration of competing interest
	Acknowledgment
	Supplementary materials
	References


