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Abstract 

Fluorescence lifetime imaging microscopy (FLIM) has become a valuable tool in diverse 

disciplines. This thesis presents deep learning (DL) approaches to addressing two major 

challenges in FLIM: slow and complex data analysis and the high photon budget for precisely 

quantifying the fluorescence lifetimes. DL's ability to extract high-dimensional features from 

data has revolutionized optical and biomedical imaging analysis. This thesis contributes 

several novel DL FLIM algorithms that significantly expand FLIM's scope. 

Firstly, a hardware-friendly pixel-wise DL algorithm is proposed for fast FLIM data analysis. 

The algorithm has a simple architecture yet can effectively resolve multi-exponential decay 

models. The calculation speed and accuracy outperform conventional methods significantly. 

Secondly, a DL algorithm is proposed to improve FLIM image spatial resolution, obtaining 

high-resolution (HR) fluorescence lifetime images from low-resolution (LR) images. A 

computational framework is developed to generate large-scale semi-synthetic FLIM datasets 

to address the challenge of the lack of sufficient high-quality FLIM datasets. This algorithm 

offers a practical approach to obtaining HR FLIM images quickly for FLIM systems. 

Thirdly, a DL algorithm is developed to analyze FLIM images with only a few photons per 

pixel, named Few-Photon Fluorescence Lifetime Imaging (FPFLI) algorithm. FPFLI uses 

spatial correlation and intensity information to robustly estimate the fluorescence lifetime 

images, pushing this photon budget to a record-low level of only a few photons per pixel. 

Finally, a time-resolved flow cytometry (TRFC) system is developed by integrating an 

advanced CMOS single-photon avalanche diode (SPAD) array and a DL processor. The SPAD 

array, using a parallel light detection scheme, shows an excellent photon-counting throughput. 

A quantized convolutional neural network (QCNN) algorithm is designed and implemented 

on a field-programmable gate array as an embedded processor. The processor resolves 

fluorescence lifetimes against disturbing noise, showing unparalleled high accuracy, fast 

analysis speed, and low power consumption.  
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Chapter 1  

Introduction  

 

 

 

1.1 Research motivations and aims 

In the 17th century, Antonie van Leeuwenhoek (1632ï1723) used single-lens light microscopes 

to observe microstructures and microorganisms for the first time, opening the door to the 

microscopic world for humankind. Since then, the light microscope has been an indispensable 

tool for scientific research, contributing significantly to a wide range of modern disciplines, 

including biology, physics, chemistry, and pharmacy, among others. As light is non-invasive, 

non-destructive, and non-ionizing, a light microscope proves us an ideal route to investigate 

microorganisms and living cells. Most of our knowledge of biomedicine is directly acquired 

through observation from microscopies [1, 2]. 

One of the most significant challenges in light microscopy is the low contrast of biological 

samples. The image contrast typically comes from the scatter, absorption, and reflectance of 

the incident light. However, biological specimens are transparent in the visible light range and 

their refractive index is close to that of water. As a result, the image contrast is inherently low, 

leading to a poor signal-to-noise ratio (SNR) and hampering the observation of the samples. 

To address this issue, various methods have been developed to improve image contrast, such 

as using phase contrast, differential interference contrast, and staining specimens with high-

contrast materials [2]. 
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Fluorescence microscopy has revolutionized light microscopy by using fluorescence emission 

from the sample itself or stained dyes to provide image contrast [3]. Compared to conventional 

light microscopies, fluorescence microscopy has four distinct advantages:  

(a) It has a better SNR. The fluorescence emission provides a much stronger signal, resulting 

in better image quality and a sharper distinction from the background.  

(b) It is more specific. Specific cellular organelles or contents, such as nuclei, mitochondria, 

DNA/RNA, and molecules, can be stained with different dyes for various purposes [4].  

(c) It has excellent sensitivity. Modern single-molecular imaging fluorescence microscopy 

uses fluorescent markers to detect and track single molecules, visualizing and analyzing 

single-molecule activities without changing the physiological conditions of the biological 

system [5].  

(d) It is multifunctional. Fluorescent dyes can serve as versatile molecular probes to read out 

molecular dynamics and biophysical parameters of surrounding environments [6, 7].  

Fluorescence has many properties, including intensity, polarization, lifetime, and 

absorption/emission spectra, that can be used for investigating specimens. Among these 

properties, fluorescence lifetime has attracted enormous attention in past decades due to its 

unique features. Fluorescence lifetime is the average lifetime of the excited fluorophores 

(fluorescent molecules) returning to the ground state. It is sensitive to fluorophoresô 

microenvironments and their interactions with other molecules. Therefore, fluorescence 

lifetime is an excellent indicator for probing cellular and subcellular microenvironments. 

Fluorescence lifetime imaging microscopy (FLIM) combines fluorescence lifetime 

measurement and microscopic techniques, offering a more powerful tool for biomedical study 

[8].  

There are two unique advantages of FLIM compared to intensity-based fluorescence 

microscopy:  



3 

 

(a) FLIM is more quantitative. 

The fluorescence lifetime is an intrinsic property of fluorophores and is less susceptive to 

experimental artefacts, including excitation power, optical path, fluorophore concentration, 

and detector gain. It facilitates the differentiation of fluorescent markers that have 

overlapped emission spectra. In addition, the fluorescence lifetime enables the 

discrimination of fluorescent signals from background signals, such as autofluorescence 

from cells or tissues and surrounding light, resulting in a more efficient detection of 

fluorescent markers and a higher image quality. The fluorescence lifetime also offers a 

reliable way to quantitatively measure the Fºrster Resonance Energy Transfer (FRET) [9, 

10]. FRET is an important tool for analysing molecular dynamics and interactions. 

However, due to the experimental artefacts and uncertainty, the intensity-based FRET is 

difficult to quantify. The FRET measurement can be easily affected by laser excitation 

power, spectral crosstalk, and photo-bleaching. Additionally, the concentrations of both 

donor and acceptor fluorophores are often unknown in living cells or tissues. In contrast, 

FLIM offers a more accurate and robust way to analyze FRET by monitoring the lifetime 

change of donor and acceptor fluorophores. 

(b) FLIM provides more information. 

The fluorescence lifetime provides much information on fluorophoresô local environment. 

By choosing fluorescent dyes with different molecular structures, the fluorescence lifetime 

can be a function of various biophysical parameters, including ion concentration (Cl-, Cu2+, 

K+, Mg2+, O2, PO4
3-), temperature, pH, viscosity, and so on [11]. FLIM, therefore, becomes 

an arsenal to sense various parameters and biological processes. The FLIM-FRET 

techniques can reveal protein-protein interactions and protein conformational changes 

without approaching molecular levels [9]. 
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Fig. 1. FLIM applications in various disciplines 

As illustrated in Fig. 1, FLIM has been successfully employed across various disciplines, 

showcasing its versatility. Apart from its significance in fundamental biomedical research, 

FLIM also holds crucial applications in clinics and pharmacies. In clinical settings, FLIM 

provides a feasible method for characterizing tissues using both endogenous and exogenous 

fluorescence. Of particular interest are label-free FLIM images that utilize autofluorescence 

from endogenous fluorophores, which have gained significant attention for clinical 

applications. Autofluorescence-based FLIM enables fast detection of metabolic changes in 

tissues, especially in precancerous lesions, aiding in diagnosis and surgical guidance. This 

technique has found applications in detecting skin, oral, cardiovascular and brain diseases, and 

cancers [12-15]. In addition, retinal autofluorescence imaging is a critical diagnostic tool in 

ophthalmology. Fluorescence lifetime imaging ophthalmoscopy has emerged as an important 

tool for investigating the pathophysiology of various macular and retinal diseases [16, 17]. An 

advanced autofluorescence-based FLIM tool, FLImBrush, has been developed for real-time 

analysis of FLIM images and surgical guidance in the operating room [18]. FLIM also holds 

significance in pharmaceutical research, where it can monitor drug delivery, investigate drug 

uptake kinetics, and track the drug release process [19-21]. In non-biomedical fields, FLIM 

has found novel applications in recent years. In material science, FLIM can characterize new 

materials, such as semiconductors, photovoltaics, quantum dots, and OLED [22-25]. Time-
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Resolved Photoluminescence, a technique similar to FLIM, has been used for directly 

observing charge carrier dynamics and up-conversion photoluminescence of lanthanide 

complexes [26, 27]. Moreover, FLIM plays a crucial role in environmental monitoring, 

forensic science, combustion research, and art conservation [28-31]. With the continual 

emergence of new FLIM applications, its significance is expected to grow across various 

research fields. 

FLIM techniques have achieved tremendous success, yet they still encounter several 

limitations and challenges. One of the most significant and persistent hurdles is the slow speed 

of FLIM, stemming from two primary factors: the long acquisition time and the complex and 

time-consuming data processing. Several factors lead to a long acquisition time: 

Firstly, the Time-Correlated Single Photon Counting (TCSPC) technique is the gold standard 

for fluorescence lifetime measurement due to its best photon efficiency, temporal resolution, 

and SNR [32, 33]. However, the photon detection rate in standard TCPSC systems should keep 

at a low level (less than 5% laser repetition rate) to avoid pile-up effects.  

Secondly, FLIM necessitates a high photon budget, which implies that it takes a considerable 

amount of time to gather adequate photons for lifetime analysis. This becomes particularly 

challenging during live-cell experiments, where detecting a sufficient number of photons 

within a limited time is often difficult due to various factors. For instance, the low 

concentration of fluorophores or unfavorable optical properties like unsuitable 

excitation/emission, low quantum yield, and photosensitivity can pose significant challenges. 

Additionally, for some exogenous fluorophores such as fluorescent proteins, low transfer, 

transcription, or translation efficiency of genes can result in weak signals.  

Thirdly, High-resolution FLIM images are necessary for many applications, but achieving 

them using the standard method requires a smaller focal point and more scanning steps in laser 

scanning FLIM systems. Due to the above reasons, current FLIM systems are only suitable for 

measuring steady samples mounted on a microscopic stage. The extended measurement time 

inevitably causes photon damage and photon bleaching.  
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The complex and time-consuming data processing involved in FLIM is also a significant 

challenge. Since FLIM is an indirect imaging technique, the raw data should be processed to 

obtain the fluorescence lifetime. In TCSPC-based FLIM, the fluorescence lifetimes are 

calculated by fitting decay histograms with pre-defined models such as single- and bi-

exponential decay models. The fitting procedure depends on iterative optimization algorithms 

such as the least square fitting (LSF) method, maximum likelihood estimation (MLE) method, 

and Bayes method [34-36]. However, these methods are computationally intensive, time-

consuming, and only suitable for offline analysis. They also require prior knowledge to set 

proper initial conditions, and specialized software is needed to implement these algorithms. 

While some fitting-free methods like the phasor approach and the center-of-mass method 

(CMM) have been proposed for fast FLIM analysis [37-40], all existing FLIM algorithms are 

noise-sensitive and require high SNR for accurate analysis.  

The slow working speed of FLIM severely limits its application range. Current FLIM systems 

are unsuitable for time-constrained applications, such as investigating transient fluorescence 

phenomena, quickly assessing dim fluorophores, or performing high throughput fluorescence 

lifetime sensing. Furthermore, the complex data analysis involved makes it challenging to 

design portable FLIM devices for real-time measurements. The research in this thesis aims to 

address the above challenges using data-driven deep learning (DL)-based computational 

approach, without any modifications to the hardware implementation of FLIM systems. The 

specific aims of this thesis are as follows: 

1. To develop DL algorithms that can perform fast and robust FLIM analysis. These 

algorithms will surpass all existing FLIM analysis methods in terms of accuracy, speed 

of computation, and noise tolerance. 

2. To develop DL algorithms with novel functionalities, such as significantly reducing 

the measurement time in laser scanning FLIM systems and decreasing the large photon 

budget required for existing FLIM algorithms. 
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3. To design a time-resolved flow cytometry system that integrates an advanced single-

photon avalanche diode (SPAD) array sensor and DL algorithm. The system will 

enable high throughput and fluorescence lifetime sensing. 

1.2 Contributions to knowledge 

The contributions to knowledge resulting from this thesis can be summarized as follows: 

1. We proposed a novel DL method, the pixel-wise DL algorithm, to address the challenge 

of complex FLIM data analysis. This algorithm provides unparalleled advantages, 

including a high-efficient architecture with fewer parameters, a shorter algorithm training 

time, faster analysis speed, and a strong ability to resolve multi-exponential decay models. 

Compared to conventional fitting methods, the proposed algorithm improves calculation 

speed by more than 300-fold while also significantly improving estimation accuracy for 

all decay parameters. Our algorithm is well-suited for various computing platforms, 

including embedded systems, due to its simple implementation, high computation 

efficiency, and low consumption of hardware resources. 

2. We developed a computational framework to overcome the challenge of limited available 

FLIM data for developing DL FLIM techniques. Our approach can generate large-scale 

semi-synthetic FLIM datasets with various cellular morphologies, a sizable dynamic 

lifetime range, and multiple decay components. This offers a feasible solution to the 

problem, avoiding the need for labor-intensive and time-consuming experimental work. 

3. We developed DL algorithms to extend the capability of current FLIM systems without 

modifying the system configurations. Specifically, we proposed a DL algorithm for 

improving the spatial resolutions of FLIM images. Our algorithm can obtain high-

resolution (HR) fluorescence lifetime images from low-resolution (LR) images acquired 

from FLIM systems. It shows superior performance in reconstructing spatial information 

from limited pixel resolution, offering a practical approach to fast obtaining HR FLIM 

images.  
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4. The large photon budget required for quantitatively analyzing fluorescence lifetimes has 

been a longstanding challenge in existing FLIM measurements. To address this challenge, 

we proposed a DL algorithm for analyzing FLIM images with few photons. Our algorithm 

pushes the photon budget to a record-low level of only a few photons per pixel, enabling 

robust evaluation of FLIM images with high accuracy in extreme photon starve scenarios, 

even when the average photon-per-pixel is close to one. To the best knowledge, this is the 

first available method for analyzing fluorescence lifetime images in such a low photon 

condition. Our DL approach offers significant advantages over traditional FLIM analysis 

algorithms and promises broader applications in fundamental biological research. 

5. We developed a time-resolved flow cytometry system aimed at fast fluorescence lifetime 

measurement. Our design includes a parallel light detection scheme that utilizes the 

advanced CMOS 192x128 single-photon avalanche diode (SPAD) array to overcome the 

limited photon-counting throughput typical of conventional sensors. The SPAD array 

operates as a point-like sensor, providing a large sensing area and more than 20,000 

parallel photon-counting channels, resulting in an excellent photon-counting throughput. 

We also developed a field-programmable gate array (FPGA) embedded DL processor 

based on the pixel-wise DL algorithm for fast fluorescence lifetime analysis. The pixel-

wise DL algorithm is further simplified and quantized for hardware implementation. Our 

processor shows the advantages in terms of high accuracy, fast calculation speed, less 

power consumption, and low requirement of hardware resources. Our flow cytometry 

system can effectively measure fluorescence lifetimes from noise-corrupted data within a 

single frame. Additionally, it has a small footprint and paves the way for portable time-

resolved devices.  

1.3 Thesis overview 

This thesis has seven chapters. The first chapter is introductory, providing an overview of the 

research motivations and aims, the contributions to knowledge achieved in this thesis, and 

outlining the thesis organization. The organization of the remaining thesis is as follows: 
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Chapter 2 presents a literature review of the background knowledge, which is divided into 

two parts. The first part provides an introduction to the basic concepts of fluorescence, the 

measurement principles of fluorescence lifetime, FLIM systems, and a review of FLIM data 

analysis methods. The second part offers a comprehensive overview of the state-of-the-art DL 

techniques, including the fundamental concepts, cutting-edge DL architectures, and the 

optimization and regularization methods for network training. The final section discusses the 

recent advances of DL in microscopic imaging and FLIM. 

Chapter 3 presents the pixel-wise DL algorithm for fast FLIM analysis. The Monte-Carlo 

simulation method is first used to generate synthetic training data with wide lifetime and SNR 

dynamic ranges. Then, the details of neural network design and training are presented. The 

performance of the trained network in resolving multi-decay models is investigated using 

synthetic testing datasets. The pixel-wise DL algorithm is compared with other methods to 

demonstrate its unique advantages. The proposed algorithm is further employed to analyze 

two-photon FLIM images of functionalized gold nanoprobes in Hek293 and human prostate 

cancer cells to validate its superior performance. The main content in Chapter 3 is adapted 

from the paper published online: 

 ̧ D. Xiao, Y. Chen, and D. D.-U. Li, "One-Dimensional Deep Learning Architecture for 

Fast Fluorescence Lifetime Imaging," IEEE Journal of Selected Topics in Quantum 

Electronics, vol. 27, no. 4, pp. 1-10, 2021, doi: 10.1109/jstqe.2021.3049349.  

Chapter 4 introduces the spatial resolution improved FLIM net (SRI-FLIMnet), a DL 

algorithm that enhances the spatial resolution of fluorescence lifetime images by generating 

high-resolution (HR) images from low-resolution (LR) images. Semi-synthetic FLIM training 

datasets are created using a computational method that combines the mathematical model of 

the forward TCSPC process and Human Protein Atlas (HPA) datasets. These FLIM datasets 

possess distinct spatial and temporal features. A degrading model is developed to describe the 

transformation from HR to LR fluorescence lifetime images in FLIM systems. The design of 

SRI-FLIMnet is presented in detail, and its performance is evaluated using synthetic datasets 
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and experimental data of bacterial-infected mouse raw macrophage cells, with a focus on the 

reconstruction of fluorescence lifetime and spatial information. The main content in Chapter 

4 is adapted from the paper published online: 

 ̧ D. Xiao, Z. Zang, W. Xie, N. Sapermsap, Y. Chen, and D. D. Uei Li, "Spatial resolution 

improved fluorescence lifetime imaging via deep learning," Opt Express, vol. 30, no. 7, 

pp. 11479-11494, Mar 28 2022, doi: 10.1364/OE.451215. 

Chapter 5 presents the FPFLI DL algorithm, which is designed to address the challenge of 

analyzing fluorescence lifetime images under extremely low light conditions. When the 

photons are few in a decay histogram, the lifetime estimation becomes an ill-posed problem. 

The FPFLI algorithm adopts a hybrid DL technique to evaluate local lifetime and fuse the 

information of local lifetime and intensity images. This chapter provides a detailed description 

of the algorithm's design and implementation. The performance of the proposed algorithm is 

quantitatively evaluated using synthetic FLIM data. The proposed algorithm is validated with 

experimental data, including fluorophore-tagged beads and FLIM-FERT imaging of HeLa 

cells. The main content in Chapter 5 is adapted from the paper in preparation: 

 ̧ D. Xiao, Y. Chen, and D. D. U. Li, "Deep learning enhanced fluorescence lifetime 

imaging with a few photons," bioRxiv, https://doi.org/10.1101/2023.04.06.534322. 

Chapter 6 focuses on the application of DL algorithms to dynamic fluorescence lifetime 

measurements. As an example, this chapter presents the development of a time-resolved flow 

cytometry system that can measure the fluorescence lifetime of fast-moving particles/cells. 

This chapter begins by introducing flow cytometry and briefly reviewing cutting-edge time-

resolved flow cytometry systems. We then summarize the challenges for fast lifetime 

measurement and present the design of the flow cytometry system to illustrate how we address 

current challenges. To improve the photon-counting throughput and provide a large sensing 

area, we configured the advanced CMOS 192x128 SPAD array as a point-like sensor in a 

parallel light detection scheme. We quantized the pixel-wise DL algorithm using a mixed-

precision quantization scheme and developed a DL processor that was quantitatively evaluated 
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on an FPGA board for fast lifetime analysis. We present the calibration of the whole system 

and evaluate the performance of lifetime measurements with fluorophore-tagged microspheres. 

The results demonstrate that the time-resolved flow cytometry system can accurately measure 

the fluorescence lifetimes of noise-corrupted fluorescence signals from fast-moving particles. 

The main content in Chapter 6 is adapted from the paper published online: 

 ̧ D. Xiao, Z. Zang, N. Sapermsap, Q. Wang, W. Xie, Y. Chen, and D. D. U. Li, "Dynamic 

fluorescence lifetime sensing with CMOS single-photon avalanche diode arrays and deep 

learning processors," Biomed Opt Express, vol. 12, no. 6, pp. 3450-3462, Jun 1 2021, doi: 

10.1364/BOE.425663. 

Chapter 7, the final chapter, summarizes the key conclusions in this thesis, discusses the 

limitations and future work to be improved, and outlooks future research directions.  
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Chapter 2  

literature review 

 

 

 

2.1 The fundamentals of fluorescence 

Fluorescence was first described by British scientist Sir George Gabriel Stokes in 1852 [41]. 

Since then, fluorescence has become a crucial tool in biomedical imaging and significantly 

advanced the fields of biology, pharmacy, chemistry, and physics [8, 11]. Fluorescence is a 

phenomenon of light emission from a fluorophore (some atoms and molecules) that is excited 

by extra electromagnetic energy. The Jablonski energy diagram, named after Alexander 

Jablonski, provides a visual representation of the fluorescence process of a fluorophore. As 

shown in Fig.2.1, when a fluorophore absorbs photons (the quantum of electromagnetic 

energy), the weakly bound electrons in the fluorophore are excited from the ground state S0 to 

higher electronically excited singlet state Sn, without undergoing spin conversion, in 

femtoseconds (10-15 seconds). The excited molecule is in a metastable state, and after a short 

time of picoseconds (10-12 seconds), the fluorophore relaxes to the lowest vibrational energy 

level in the first electronically excited state, S1. From there, the molecule returns to the ground 

state S0, releasing photons in nanoseconds (10-9 seconds). During this process, the fluorophore 

can return to the ground state via two possible pathways. One pathway is radiative decay, 

which is responsible for fluorescence emission. The other way is non-radiative decay, 

including internal conversion and intersystem crossing from the singlet state to the triplet state. 

Due to energy dissipation in the processes such as vibration relaxation and internal conversion, 

fluorescence typically has lower energy or longer wavelength than absorption photons. This 



13 

 

phenomenon is known as the Stokes shift and is advantageous for separating fluorescence from 

excitation light using optical filters. 

Meanwhile, electrons transitioning to the triplet state can release phosphorescence emission 

upon returning to the ground state. Compared to fluorescence, phosphorescence has a much 

longer wavelength and lifetime. Both fluorescence and phosphorescence are types of 

photoluminescence phenomena. 

 

Fig. 2.1. Simplified Jablonski energy diagram to illustrate the molecular fluorescence process. 

S0 and S1 represent the ground and first excited electronic states, and the horizontal lines 

represent different vibrational states of the fluorophore. The blue vertical line represents the 

exciting light, while the green and yellow lines represent the fluorescence and 

phosphorescence emission. The grey vertical wavy lines refer to the non-radiative decay. 

The fluorescence lifetime Ű is the average time a molecule stays at the excited state before 

returning to the ground state. Both non-radiative and radiative decay rates contribute to the 

value of Ű, and it is described as the inverse of the sum of all decay rate constants: 

ʐ
ρ

Ὧ Ὧ
ȟ ςȢρ 

where knr and kr are the non-radiative and radiative rate constants, respectively. knr is the sum 

of the internal conversion rate kic, and the intersystem crossing rate kisc, so that knr = kic + kisc. 
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Assuming a group of fluorophores with population N0 are excited at time t = 0, the fluorescence 

decay follows the stochastic exponential decay distribution as the following equation: 

ὨὔȾὨὸ Ὧ Ὧ ὔὸȟ ςȢς 

where N(t) is the population of excited fluorophores at time t. By integrating this equation, N 

(t) expresses as ὔὸ ὔὩ Ⱦ. Since fluorescence intensity I(t) is proportional to N(t), it 

also writes as: 

Ὅὸ ὍὩ Ⱦȟ ςȢσ 

where I0 is the initial fluorescence intensity at t = 0. It shows that the fluorescence decay 

follows the exponential decay law. If there are several fluorophores both contributing to the 

fluorescence emission, the total measured intensity is the sum of all exponential decays: 

Ὅὸ ὃὩ Ⱦ ȟ ςȢτ 

where Ai and ti are the intensity and lifetime for ith fluorophores, respectively.  

 

Fig. 2.2. Conditions of the occurrence of FRET. (a) The donor emission and acceptor 

absorption spectra should overlap. (b) The donor and acceptor should be within 10 nm and 

have correct orientations. 

Fºrster resonance energy transfer (FRET) is a phenomenon in which a fluorophore in the 

excited state (donor) transfers energy to another nearby fluorophore in the ground state 

(acceptor) through a non-radiative process. FRET is named after the German scientist Theodor 
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Fºrster, who first observed this phenomenon. As shown in Fig 2.2, there are two necessary 

conditions for the occurrence of FRET. First, the fluorescence emission spectra of the donor 

should have a spatial overlap with the fluorescence excitation spectra of the acceptor (Fig 

2.2(a)). Second, the distance between two fluorophores should be close to less than 10 nm, 

and their orientation should match each other (Fig 2.2 (b)). Direct visualization of protein and 

molecular interactions within several nanometers is challenging because conventional 

microscopy has a physical limitation of spatial resolution of around 200 nm. On the other hand, 

FRET offers an indirect route to investigate protein interactions and distributions by 

monitoring the energy transfer between donor and acceptor.  

Fluorescence lifetime provides a distinct route to measure FRET quantitatively. As mentioned 

above, the fluorescence lifetime of a fluorophore depends on both radiative and nonradiative 

processes. FRET leads to fluorescence lifetime changes in both the donor and acceptor. The 

energy transfer efficiency of FRET can is: 

Ὁ ρ
†

†
ȟ ςȢυ 

where †  is the fluorescence lifetime of the donor in the presence of the acceptor and † is 

the lifetime of the donor alone. 

2.2 Measurement principles of fluorescent lifetime 

The typical lifetimes of fluorophores range from picoseconds to nanoseconds, thus requiring 

ultrafast electronics and photon detectors to acquire lifetime images. The measurement of 

fluorescence lifetime can be implemented either directly in the time domain (TD) or indirectly 

in the frequency domain (FD) [8]. In the TD method, the fluorophore is periodically excited 

by a pulsed laser, and the fluorescence decay is directly recorded in the histogram. In the FD 

method, the fluorophore is excited by a continuous modulated laser. The lifetime is calculated 

from the phase and amplitude difference between the exciting signal and fluorescence. 

Although both TD and FD methods are mathematically equivalent and related by Fourier 

transform, the specific implementation for both methods is different. Each method has pros 
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and cons and needs a trade-off in practical implementations. For example, there are ultrafast 

electronics for distinguishing photon arriving time at picosecond precision. However, no such 

electronics can discriminate the tiny spectral difference between photons in the frequency 

domain. The FD method generally requires less complicated hardware and simple data 

processing. Itôs more common than the TD method in past decades. However, due to the 

emergence of new ultrafast lasers, single-photon detectors, and data processing systems, the 

TD FLIM systems have attracted increased attention recently due to their unparalleled 

advantages, such as high accuracy, high photon efficiency, and large dynamical temporal range.  

2.2.1 Frequency-domain method 

 

Fig. 2.3. (a) Principle of the frequency-domain method. (b) Block diagram of the frequency-

domain lifetime measurement setup. BS is an abbreviation for a beam splitter, DM for the 

dichroic mirror, and CCD for the charge-coupled device. 

The basic principle of the FD method is shown in Fig. 2.3 (a). A sinusoidal wave modulates a 

laser source. The sample fluorescence emission is modulated by the same frequency 

accordingly. However, the amplitude is demodulated, and the phase is delayed to some extent 

due to fluorescence decay kinetics. The fluorescence lifetime can be calculated from the 

demodulated factor m=B/A and phase angle ű using the following:  

ὸὥὲ‰ȟ†‫ ςȢφ 

ά
ρ

ρ ‫ʐ
ȟʐ

ρ

‫

ρ

ά
ρ
Ⱦ

ȟ ςȢχ 
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where Űm and Űű are the modulation and phase lifetime for the decay curve. The experimental 

setup of the FD method is briefly illustrated in Fig. 2.3 (b). A radio frequency wave modulates 

a laser source at 1 - 100 MHz. The measurement of different lifetimes requires different 

modulating frequencies. Generally, Long-lived fluorophores require lower modulation 

frequency, whereas short-lived fluorophores require higher modulation frequency. In FD 

measurement, itôs not easy to accurately estimate the phase angle and modulation, especially 

for higher frequency. Hence, FD systems need careful optimization and data analysis. 

2.2.2 Time domain method 

Thanks to the vast advance in photon detectors, timing electronics, and ultrafast laser 

technologies, time-domain FLIM measurements have become widespread with the merits of 

high accuracy, photon efficiency, and high SNR. The time-domain FLIM measurement 

techniques are divided into time-gated (TG) and time-correlated single-photon counting 

(TCSPC) methods [33, 42-44]. For the TG method, the arrived photons are integrated within 

one or several delayed time windows to estimate lifetimes. For the TCSPC method, the arrival 

time of all photons is recorded and accumulated in each time bin to form a histogram. Then 

the lifetime is recovered from the histogram.  

 

Fig. 2.4. (a) Principle of the time-gated method. As an example, three gates (G1 ï G3) with 

different gate widths are used (w1 ï w3). The photon intensity is integrated with each gate. 

(b) Block diagram of the time-gated measurement setup. BS is an abbreviation for beam 
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splitter; DM for the dichroic mirror; PD for photodiode; Delay Gen for delayer generator; 

CCD for the charge-coupled device; GOI for gated optical intensifier; HRI for the high-rate 

imager. 

Fig. 2.4 conceptually illustrates the TG method. Fig. 2.4 (a) depicts its principle. After the 

excitation laser pulse, the emitted fluorescence photons are counted in several delayed time 

gates. By optimizing the delay amounts and widths of different time gates, the lifetime can be 

recovered by the recorded segments of the histogram in each time gate. Fig. 2.4 (b) illustrates 

the experiment setup. The pulse excitation single from the laser source is split into two paths 

by a beam-splitter. One beam excites the sample, while another is a trigger signal in the delay 

generator. The delay generator can control the detector with a programmable time delay. 

During the time-gated windows, the emitted fluorescence photons are collected and integrated 

by the detector. Different segments of decay curves are acquired in the measurement. The 

fluorescence lifetime can be reconstructed using the intensities of different segments. 

 

Fig. 2.5. (a) Principle of TCSPC measurement. (b) A generalized TCSPC measurement setup. 

The core timing electronics is TDC, which records the arriving photons with a time stamp. 

All the photon events are stored in a histogram. 
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Fig. 2.5 shows the principle of the TCSPC method. The sample is periodically excited by a 

laser source with a high reputation rate. The laser power is lower to avoid photodamage to the 

sample, leading to weak fluorescence emission. Therefore, the probability of detecting a single 

photon in each excitation period is much less than one, and the detector detects at most one 

photon each time. Fig. 2.5 (b) shows the general experimental setup for TCSPC measurement. 

A picosecond pulsed laser works as the light source to excite the sample. A photomultiplier 

(PMT) or single-photon avalanche diode (SPAD) sensor is used as a single-photon detector to 

collect the fluorescence signal [44]. The state-of-art timing electronics is a time-to-digital 

converter (TDC), which measures the arrival time of the detected photon. The working 

principle of TDC is as follows. The laser pulse will give a start trigger signal to TDC. When 

detecting a photon, the detector will send a stop signal to TDC. Hence, the TDC will record a 

digital code representing the photon arrival time relative to the latest start signal. After 

accumulating enough photon arrival events, the decay curve can be directly reconstructed from 

the envelope of the histogram to estimate the lifetime.  

 

Fig. 2.6. Pile-up effect in TCSPC system. The detected photons cannot be registered within 

the dead time. Photons with a longer lifetime are discarded, and the measured histogram 

skews to a shorter lifetime. 

In TCSPC, the ñdead timeò and ñpile-upò effect are primary concerns, as illustrated in Fig. 2.6 

[45, 46]. The detector and TDC in the TCSPC system are not ideal components; after detecting 

one photon, they require a relatively long time to recover to the ñwork stateò, during which 

the system cannot detect other photons. This time interval is referred to as the dead time. In 

common TCSPC systems, the typical dead time ranges from 25 to 100 ns, while the interval 



20 

 

between excitation pulses is 25 ns for a 40MHz laser. If one photon is counted and processed 

in an excitation cycle, the successive 3 to 4 excitation cycles cannot count other photon events. 

Consequently, the photon-counting rate is limited to 1% - 10% of the laser repetition rate. 

Failure to meet this condition results in the pile-up effect, where only the first arriving photon 

is counted, and later arriving photons are discarded, leading to an overrepresentation of early 

photons in the statistics. The histogram distorts, and the lifetime becomes shorter than the 

actual value. The pile-up effect limits the photon counting throughput of a TCSPC system. To 

alleviate the pile-up effect, advanced sensors and TDCs with a short dead time can be 

developed, or multi-channel systems can be developed to route detected photons to different 

channels. 

Both TG and TCSPC methods are widely used in various FLIM systems, each with its 

advantages and limitations. Compared to the TCSPC FLIM system, the hardware for TG 

systems only requires time-grating electronics, making it simpler and more power-efficient. 

Since there are no TDC electronics, the TG system has a shorter dead time and is less 

susceptible to the pile-up effect. The frame acquisition rate is much faster than the TCSPC 

method accordingly. The TG method can be used for wide-field rapid lifetime imaging in 

combination with the rapid lifetime determination (RLD) algorithm. However, the TG method 

has worse time resolution than the TCSPC method, and photon efficiency is relatively low 

since photons are only counted in the time-gated window. 

The main advantage of the TCSPC method is photon efficiency and high accuracy. All detected 

fluorescence signals can be processed, and the SNR of TCSPC is close to the ideal value 

corresponding to Poisson statistics. For this reason, TCSPC has become the standard method 

for FLIM. However, TCSPC also has limitations. One significant limitation is the slow 

acquisition time required to obtain sufficient photons for reliable data analysis, which 

significantly hampers the application of TCSPC in rapid lifetime imaging, such as 

investigating fast processes in biological samples, dynamic FRET, and high throughput FLIM 

screening. Another drawback of TCSPC is the extensive computational consumption, where a 

dedicated FLIM algorithm needs to calculate the lifetime from the measured data. 
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2.3 Fluorescence lifetime imaging microscopy systems 

There are two microscopy modalities for FLIM: laser scanning (LS) and wide-field (WF) 

microscopies [46-50]. LS-FLIM systems adopt a single-point sensor to scan the sample and 

detect the fluorescence decay pixel-by-pixel. According to the fluorescence excitation method, 

LSM-FLIM can be divided into confocal LS (CLS) and multiphoton LS (MLS) FLIM systems 

[51-53]. On the other hand, WF-FLIM systems use parallel illumination to excite the sample. 

A position-sensitive sensor simultaneously detects the fluorescence signals. This section 

reviews the experimental configurations of both systems and discusses their advantages and 

disadvantages. 

2.3.1 Laser scanning FLIM systems 

 

Fig. 2.7. Schematic of (a) the two-channel CLS-FLIM system and (b) the MLS-FLIM system. 

The inserts shown in (a) and (b) are the simplified Jablonski energy diagram of the light 

emission processes of the samples. The excitation profiles on the x-z plane are also shown 

in the inserts. Abbreviations for optical elements: DM: dichroic mirror; GSM: galvanometer 

scanning mirror; L: lens; F: filter; P: Pin hole.  

LS-FLIM systems are widely used tools in biomedical research. Fig. 2.7 depicts the 

experimental setups of two-channel CLS-FLIM and MLS-FLIM systems. Both systems utilize 

ultrafast mode-locked laser sources for fluorescence excitation. Diode lasers are a common 

choice for CLS-FLIM systems due to their ultra-short pulse duration (several hundred 

femtoseconds), durable repetition frequency, and wide dynamic wavelength range from 

ultraviolet to infrared. On the other hand, Ti: sapphire lasers are popular in MLS-FLIM 

systems due to their tunable wavelength range from 720 to 900 nm. The scanning system 
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involves a pair of galvanometric mirrors that precisely control the movement in the X-Y plane, 

while the microscopic stage and objective lens control the focal plane position in the Z 

direction. Photomultiplier tubes and a TCSPC card record the time-tagged photon event. As 

shown in Fig. 2.7 (a), In CLS-FLIM systems, the one-photon excitation principle is used, 

where the light direct excites the sample within the excitation volume. The fluorescence in the 

3D volume returns along the same path as the excitation light, retracing the scanning mirrors 

before passing to the detector. This optical path is referred to as the descanning path. A pinhole 

is placed in front of the detector to reject the out-of-focus fluorescence and produce a thin 

optical section.  

In contrast, MLS-FLIM systems adopt multi-photon excitation principles, including two-, 

three-, and four-photon excitations. Fig. 2.7 (b) shows an example of the two-photon LS-FLIM 

system. The fluorescence is excited by simultaneously absorbing two photons, where each 

photon contributes half the energy. Because the energy of a photon is inversely proportional 

to its wavelength, the two absorbed photons should have a wavelength twice longer than that 

required for one-photon excitation. The photon intensities for two-photon excitation are one 

million times larger than that of one-photon absorptions. Fortunately, modern pulse lasers 

easily meet this condition as the excitation light highly concentrates spatially and temporally. 

The photon density is extremely high within a pulse duration to generate significant two-

photon excitation, while the ultra-short duration keeps the average light power at a very low 

level (less than ten milliwatts). Unlike CLS-FLIM systems with a large excitation volume, the 

effective excitation of MLS-FLIM systems only occurs around the focal point. Therefore, the 

pinhole is no longer necessary, and the optical path is more flexible. A dichroic mirror is placed 

after the objective lens to separate and reflect the fluorescence to detectors. Such an optical 

path is also called the non-descanning path. It can collect more scattered photons, require fewer 

optical elements, and reduce the path length.  

CLS-FLIM systems have several disadvantages, which can be summarized as follows: 
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(a) Photon damage. Due to the large excitation volume, the excitation light generates 

significant photobleaching and phototoxicity problems, especially in live cells.   

(b) Low photon efficiency. The excitation light is strongly absorbed by the tissues within 

the excitation volume, resulting in only a small portion of the excitation photons 

reaching the focal point to excite fluorescence. Moreover, the fluorescence photons 

emitted from the focal plane may scatter by tissues and get blocked by the pinhole, 

leading to a further decrease in photon efficiency. 

(c) Limited penetration depth. The strong absorption of excitation light severely limits 

the penetration depth in thick specimens. The photon scattering from the out-of-focus 

plane also decreases the image SNR.  

MLS-FLIM systems provide a promising solution to the issues mentioned above. In MLS-

FLIM systems, tissues cannot absorb the excitation photons with a longer wavelength. The 

fluorescence is only generated at the focal point, resulting in minimal photobleaching and 

photodamage. The absence of pinhole and non-descanning optical path allows the detection of 

more scattered light. The excitation light can reach deeper areas by eliminating out-of-focus 

absorption. Additionally, a longer wavelength leads to less scattering by tissues. All these 

factors contribute to the excellent penetration ability of MLS-FLIM systems, making them 

more suitable for imaging thick tissues and in vivo specimens. 



24 

 

2.3.2 Wide-field FLIM systems 

 

Fig. 2.8. Schematic of (a) the WF-FLIM system and (b) the SPAD array sensor 

WF-FLIM systems use a parallel light field to illuminate the sample and collect the 

fluorescence signal from the focal plane of the objective lens. Therefore, the scanning system 

is no longer required, and the optical path is greatly simplified. WF-FLIM systems can adopt 

TG and TCSPC techniques for time-domain measurements [54-56]. Fig. 2.8 shows the 

schematic view of the WF-FLIM system. WF-FLIM systems require position-sensitive single-

photon detectors such as PMT arrays, microchannel plates (MCPs), and single-photon 

avalanche diode (SPAD) arrays. SPAD arrays represent the most state-of-the-art single-photon 

detection [57-63]. The SPAD works in Geiger mode, which is reversely biased above the diode 

breakdown voltage. Unlike PMTs and MCPs, SPADs are all-solid-state photon detectors 

without requiring high voltage and vacuum. SPADs show excellent single-photon sensitivity 

and timestamping capability down to the picosecond time resolution. SPAD arrays can be 

integrated into a miniaturized chip by standard CMOS techniques, which are scalable and low-

cost. Fig. 2.8 (b) shows the 3232 SPAD array architecture of MEGAFRAME32 [63]. Each 

pixel contains a 50 ps, 10-bit time-to-digital converter for timestamping. The maximum frame 

rate reaches 500 kilo-frame per second. The power supply, control, and read-out circuits are 
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shared among the columns and rows. The SPAD array can work at both TCSPC mode and 

photon counting modes. 

The advantages of WF-FLIM systems include a fast data acquisition speed with high frame 

rates, less photodamage to samples, and simple implementation. The SPAD array chips can be 

integrated into a system-on-chip (SoC) for more complex functionalities. However, WF-FLIM 

systems also suffer some disadvantages. First, the lack of a pinhole in the system causes the 

detected signals easily contaminated by light from the out-of-focus plane and the surrounding 

environment. In addition, the SPAD arrays have considerable dark-count noise and relatively 

low sensitivity. So, the images obtained by WF-FLIM systems usually have poor SNR 

compared to LS-FLIM systems. Second, the axial resolution is poor as well. Current 2D SPAD 

arrays have a low filling factor due to the peripheral circuit occupying a large area. Meanwhile, 

the signals in temporal and spatial coordinates could intermix, leading to a trade-off between 

either spatial or temporal resolution.  

2.4 Fluorescence lifetime imaging analysis 

Data analysis plays a vital role in FLIM because FLIM is an indirect imaging technique. The 

accurate estimation of fluorescence lifetimes is a prerequisite for further analyzing cell 

functions. The fluorescence lifetime analysis methods can be categorized into two types: 

curve-fitting methods and fitting-free methods. This section reviews the commonly used 

methods of both types. 

2.4.1 Model-based Curve-fitting methods 

Curve-fitting methods are the most widely used methods to analyze fluorescence lifetimes. 

Curve-fitting methods aim to find model parameters that best match the measured data and the 

decay model, given a pre-defined decay model and measured FLIM data. A multi-exponential 

decay with P lifetime components is: 
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Ὢὸ ɻὩ Ⱦ Ȣ ςȢψ 

The measured fluorescence model is the convolution between f(t) and the instrument response 

function (IRF) I(t), which is: 

ώὸ Ὅὸ ώzὸ ‐ὸȟ ςȢω 

where the asterisk denotes the convolution operator, and ‐ὸ is the noise term. Eq. (2.9) can 

be rewritten in discrete form: 

ώὯ ὍὯ ὭὪὭ ‐ὸȟὯ ρȟỄȟὔȟ ςȢρπ 

where N is the number of time bins. The discrete form of f(t) is described as: 

ὪὯ ɻὩ Ⱦ ȟὯ ρȟỄȟὔȢ ςȢρρ 

In Eq. (2.11), ὸ is the time bin width. Assume the measured data is x = [x1, x2, é, xN] and 

the model estimated value is y = [y1, y2, é, yN] where xi and yi are the measured and predicted 

photon events in ith time bin, respectively. The curve-fitting process is to solve an optimization 

problem by minimizing a loss function or goodness-of-fit parameter L(x, y). Various methods 

have been developed for fluorescence lifetime estimation. The popular methods are 

summarized below: 

 ̧ Least Squares fitting (LSF) method [64] 

The LSF is a common method for curve fitting because of its easy implementation. The loss 

function is defined as the squared difference (L2-norm) between x and y: 

ʔ
ὼ ώ

„

ὼ ώ

ὼ
 ςȢρς 
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where „ is the standard deviation in ith time bin. In TCSPC measurement, the noise follows 

a Poisson distribution and „ can be calculated as ʎ ὼ. Eq. (2.12) minimization can be 

solved using iterative optimization algorithms such as Levenberg-Marquardt and Trust-

Region-Reflective algorithms. It is worth noting that the LS method inherently implies that 

the data to be fitted have a Gaussian distributed noise, which is inconsistent with TCSPC data. 

Therefore, the LS method can only obtain desirable results in a high photon-count condition 

(e.g., photon counts > 1000) where the Poissonian statistics converge to Gaussian statistics[65]. 

The LS method will deliver inaccurate values when the photon counts are low. 

 ̧ Least Squares fitting based on Laguerre expansion (LSF-LE) [66,67] 

The LSF-LE method expands the discrete fluorescence decay model in Eq. (2.11) onto an 

ordered set of orthonormal Laguerre basis functions bl(k; Ŭ) as: 

ὪὯ ὧὦὯȠ‌ȟ ςȢρσ 

Where L is the Laguerre dimension, Ŭ (0<Ŭ<1) is the scale parameter of Laguerre basis 

functions, and cl is the lth expansion coefficient. The lth discrete LBF is defined as: 

ὦὯȠɻ ɻ ρ ɻ Ⱦ ρ
Ὧ

Ὥ

ὰ

Ὥ
ɻ ρ ɻ ȟὰ πȟỄȟὔȢ ςȢρτ 

The Laguerre expanded decay model in Eq. (2.10) is linearly parameterized by the expansion 

coefficient cl: 

ώὯ ὧὍὯ ὭὦὭȠ‌ ‐ὯȟὯ ρȟỄȟὔȟ ςȢρυ 

Therefore, the optimization problem is to minimize the normalized sum of squared errors 

В ώ ὼ Ⱦȿȿ●ȿȿ. Compared with the LSF method, the LSF-LE is more robust and effective. 

The convergence speed is faster as well. In practice, the Laguerre parameters are often chosen 
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empirically. To overcome this disadvantage, automated Laguerre deconvolution methods have 

been developed to optimize L and Ŭ during the deconvolution process [68]. 

 ̧ Maximum likelihood estimation (MLE) [69,70] 

Before discussing MLE, we briefly review the basic concept of the likelihood function. Given 

a set of observed data t and a set of model parameters ɗ, Bayesian Theorem tells us: 

ὖⱣȿ◄
ὖ◄ȿⱣὖⱣ

ὖ◄
Ȣ ςȢρφ 

In Eq. (2.16), ὖⱣȿ◄  is the posterior distribution, meaning the probability of the model 

parameters given the measured data. ὖ◄ȿⱣ  is referred to as the likelihood, meaning the 

probability that each possible parameter produces the observed data. ὖⱣ  and ὖ◄  are 

referred to as the prior distribution and the evidence, respectively. Treating the observed data 

and the prior distribution are fixed, it is known that ὖⱣȿ◄ᶿὖ◄ȿⱣ. The MLE calculates 

the model parameters Ᵽ by directly maximizing the likelihood ὖ◄ȿⱣȢ &ÏÒ &,)- ÁÎÁÌÙÓÉÓȟ 

MLE assumes xi follows a Poison distribution. Given a corresponding mean value ɛi, the 

probability of observing xi is:  

ὖὼȿ‘
‘

ὼȦ
Ὡ ȟ ςȢρχ 

The principle of MLE is to maximize the likelihood function: 

╛ὼȟώ ╟ὼȿώȟ ςȢρψ 

For the fitting procedure, it is convenient to apply the logarithm to the likelihood function and 

normalize it by dividing the maximum possible likelihood L (x | x), then minimize the square 

of the logarithmic and normalized likelihood function … : 

ʔ ςὰὲ
●◐
●ȿ● ςВ ώ ὼ ςВ ὼȟ ὰὲώȾὼȢ ςȢρω 

MLE has a stable performance over a wide intensity range, especially for low photon-count 
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conditions. It can deliver accurate values even if the photons are only several hundred. 

However, one significant drawback of MLE is the long computation time. 

 ̧ Bayesian approach (BA) [71,72] 

BA is closely related to MLE. Its key idea is to estimate the model parameter using the prior 

knowledge to describe ὖⱣ. To apply BA for analyzing FLIM data, the likelihood of a photon 

being detected at a particular time bin should be developed. For simplification, the mono-

exponential decay model is considered. Assume the excitation period T has N time bins. Each 

bin has an identical bin width h. bi represents ith bin, containing photons with arrival time, 

Ὥ ρὬ ὸ ὭὬ. The number of total photon events is C, and the photon number in ith time 

bin is Ci. The likelihood function is: 

ὖὸȿⱣ ‌ὴ ὸɴ ὦȿ‌ȟ† ὍzὙὊὸ ρ ‌ȾὝ ȟ ςȢςπ 

where Ᵽ ‌ȟ† is the model parameters, Ŭ is the fraction of the fluorescence signal, and 

ὴ ᶿὩ Ⱦ is the pure fluorescence decay. The second term in the product formula denotes 

the probability of noise photon, which follows a uniform distribution within [0, T]. The 

posterior parameter distribution ὖⱣȿὸ is given by: 

ὖⱣȿὸ
ὖὸȿⱣὖⱣ

ὖ᷿ὸȿⱣᴂὖⱣ ὨⱣ
Ȣ ςȢςρ 

The prior distribution ὖⱣ  can be determined from maximum entropy [71]. Then an 

optimization algorithm is used to maximize the posterior distribution ὖⱣȿὸ to obtain the 

estimated parameters. It can also evaluate the likelihood function by searching parameter space 

on a grid of uniform or using the stochastic search methods like the Markov chain Monte Carlo 

(MCMC) method to build ὖⱣ [72].  

2.4.2 Model-free none-fitting methods 

 ̧ Rapid Lifetime Determination (RLD) [73-76] 
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Fig. 2.9. Schematics of (a) two-gate and (b) multi-gate rapid lifetime determination (RLD) 

algorithms. 

The RLD is a popular fitting-free fluorescence lifetime estimation method for TG-FLIM 

systems. Fig. 2.9 (a) shows the basic two-gate scheme. The lifetime is calculated by: 

ʐ -2

ὸ ὸ

Ὅὲ
ὔ
ὔ

ȟ ςȢςς
 

where NR1 and NR2 are the total photon counts in gates D1 and D2, respectively. A two-gate 

scheme is sensitive to noise. To improve the resolvability of the fluorescence decay, the two-

gate scheme can also extend to an arbitrary N gates (RLD-N) scheme as shown in Fig. 2.9 (b): 

ʐ -N

В ὸ ὔВ ὸ

ὔВ ὸὍὲὔ В ὸВ

ȟ ςȢςσ 

where Nk is the photon counts in the kth time bin (tk < t < tk+1), j = 0, é, N-1. Although this 

method is straightforward, itôs not easy to implement on hardware due to the equation's natural 

logarithm and floating-point division. 

 ̧ Phasor analysis (PA) [37, 38] 

The PA provides a graphical representation of fluorescence decay. The data representation is 

changed from a classical delay histogram to a phasor plot by performing Fourier transform on 

the decay curve. The real and imaginary parts of the Fourier transform of fluorescence decays 
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are the two coordinates of the phasor plot, respectively. Then the fluorescence collected in 

each pixel in the image is transformed into a single point in the phasor plot. The g and s 

corresponding to a given decay I(t) in the phasor plot are provided by: 

ừ
Ử
Ừ

Ử
ứὫȟ‫ Ὅȟ ὸὧέίὲ‫ὸὨὸȾ Ὅȟ ὸὨὸ

ίȟ‫ Ὅȟ ὸίὭὲὲ‫ὸὨὸȾ Ὅȟ ὸὨὸ

ȟ ςȢςτ 

where indices i and j represent the pixel position of the image and gi,j(ɤ), and si,j(ɤ) are the x 

and y coordinates, respectively. ɤ is the laser repetition angular frequency, and n is harmonic. 

If the decay is a single exponential decay I (t) =Ae-t/Ű, itôs obtained that: 

ừ
Ừ

ứὫȟ‫
ρ

ρ †‫

ίȟ‫
†‫

ρ †‫

ᵼίȟ ‫ Ὣȟ‫
ρ

ς

ρ

τ
ȟ               ςȢςυ 

Eq. (2.25) implies that all single exponential components are represented by a semicircle of 

center (1/2, 0) and radius 1/2 in the phasor plot. A critical property of PA is that the decay 

curves with different lifetimes locate in a unique position in the phasor plot. In other words, 

position and lifetime mapping have a reciprocal property, thus providing a mechanism for 

basic segmentation. PM delivers a global view of fluorescence decay at each pixel. Data 

analysis is done by observing the clustering of pixels, which is much faster since it is not based 

on calculations. The effect of the IRF on fluorescence decay can be considered as a rotation of 

the phasor over a fixed angle. The angle can be obtained from a reference measurement. A 

phasor corresponding to a shorter lifetime Ű is closed to (1, 0) (where Ű = 0), while a phasor 

corresponding to a longer lifetime is closed to (0, 0) (where Ű = Ð). If the phasor falls on the 

semicircle, it can be associated with a single lifetime value. If the phasor is not on the 

semicircle, the corresponding fluorescence has a complex decay. For a fluorescence decay 

curve superposed by two decay curves with different lifetimes, all possible weighting of the 

two lifetimes gives a phasor distribution along a straight line. For a fluorescence decay curve 

superposed by three decay curves with different lifetimes, all possible weighting of the three 
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lifetimes gives a phasor distribution in a triangle where the vertices correspond to a pure 

lifetime. For FRET, the phasor has s specific curved trajectories. 

 ̧ Center-of-mass method (CMM) [39, 40, 77, 78] 

 

Fig. 2.10. Schematic of the single-exponential CMM. The measurement window has M equal 

bins. h is the width of the time bin. CM is the center-of-mass value, and Ű is the theoretical 

lifetime. 

The main idea of CMM is to treat the center of mass as the lifetime and compensate for the 

deviation. As shown in Fig. 2.10, for single-exponential decays Ὢὸ ὃὩ Ⱦ, the centre of 

mass is calculated as: 

†CM
᷿ὸὪὸὨὸ

᷿ὪὸὨὸ
†

ὝὩὼὴ
Ὕ
†

ρ Ὡὼὴ
Ὕ
†

ȟ ςȢςφ 

where Ű is the actual lifetime and T is the measurement window. If Ὕḻ†, the last term of Eq. 

(2.26) can be neglected, and the center of mass can represent Ű. However, when T is comparable 

with Ű, the deviation between ŰCM and Ű should be calibrated. Eq. (2.26) can be written in the 

discrete form: 

†
В Ὥẗὔ

ὔ

ρ

ς
ẗὬȟ ςȢςχ 

where M represents the number of time bins in the measurement window T, Ni is the photon 

counts in ith time bin, Nc is the total number of photons, and h is the time bin's width. From 

Eq. (2.27), it is seen that CMM is quite hardware-friendly because it only requires an 
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accumulator to record the total arrival time of the photons (iNi) and a counter to count the total 

photon number (Nc). To compensate for the deviation, a look-up table can be used to map 

normalized ŰCM to Ű: 

†  
ρ

ὓ

В Ὥẗὔ

ὔ

ρ

ς
ẗὓὬȟ ςȢςψ 

where ɋ is the look-up table. In Eq. (2.28), the background noise can be subtracted by placing 

a second background measurement window within the pre-pulse zone to sample the 

background signal level. The calibrated equation reads as follows: 

†  
ρ

ὓ

В Ὥẗὔ В
ὔ
Ὓ

ὔ
ὔ
Ὓ

ρ

ς
ẗὓὬȟ ςȢςω 

where Nb and S represent the total number of photons and the number of bins, respectively in 

the background sampling measurement window. 

 ̧ Integral Extraction Method (IEM) [79,80] 

For a single exponential decay f(t) = Ae-t/Ű, the fluorescence lifetime can be calculated from Eq. 

(2.13), where Ni is the photon counts in ith time bin and h is the width of the time bin. ὅ

 ρȾσȟτȾσȟςȾσȟȣȟτȾσȟρȾσ is the coefficient of Simpsonôs integration rule. The coefficient 

can also be replaced with the coefficient of Rombergôs integration rule ὅ  ρȾσȟτȾσȟςȾ

σȟȣȟτȾσȟρȾσ. 

†IEM
ὬВ ὅὔ

ὔ ὔ
ȟ ςȢσπ 

From the viewpoint of hardware implementation, IEM is more friendly than traditional 

methods like RLD since it only requires an accumulator and the denominator. This method 

can be further simplified by using ὅ and expresses as: 

†IEM
ὔ

ὔ ὔ
ς

ὔ ὔ
ẗὬȟ ςȢσρ 
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where Nc is the total number of photons. The significant advantage of IEM over RLD is much 

less affected by uncorrelated background noise. However, it needs to carefully choose the 

position and time bin width for better-optimized calculation. 

2.5 The basic concepts of deep learning 

2.5.1 Artificial intelligence, machine learning, and deep learning 

In recent decades, Deep learning (DL) has experienced rapid growth and has had a profound 

impact on human society. DL has achieved great success in many fields and has brought about 

a revolution in industries, economy, entertainment, and healthcare. DL is a subbranch of 

machine learning (ML), which, in turn, is a subfield of artificial intelligence (AI). This section 

provides a brief overview of their fundamental concepts and relationships and explains why 

DL is such a powerful and successful approach to addressing various problems. 

 

Fig. 2.11. The relationship between artificial intelligence, machine learning, and deep learning. 

Fig.2.11 illustrates the relationship between AI, ML, and DL. ñIntelligenceò has become a 

buzzword in modern life, but its definition remains unclear and ambiguous as we still do not 

fully understand how our brain works and generates various functions such as consciousness, 

emotion, and memory [81]. Alan Turing, the father of computing, proposed the famous Turing 

Test to determine whether a machine exhibits intelligence: ñIf a machine engages with a human 

in a conversation without getting in touch with each other, it can be regarded intelligent when 

the human cannot detect it is a machine for a considerable time [82].ò AI, which studies 
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machines or systems with human-like behaviors and intelligence, was born out of the 

Dartmouth Summer Research Project on Artificial Intelligence in 1956 [83]. AI research 

includes the simulation of human perceptual, learning, and cognitive abilities. 

ML, a crucial subfield of AI, comprises a family of algorithms that can learn general patterns 

from given data and make predictions on new data [84]. ML greatly contributes to the 

development of AI and is typically model-driven, focusing on algorithm design. The data rely 

heavily on manual feature engineering, which includes feature extraction, selection, and 

transformation. ML algorithms then make predictions based on these engineered features. 

Therefore, ML can be considered ñshallow learningò. Feature engineering depends on human 

experience and plays a critical role in ML, which is time-consuming and labor-intensive. Many 

ML problems become feature engineering problems, raising questions about what constitutes 

a good feature representation and how to obtain it. 

The advent of DL offers a feasible way to address these questions [85]. DL adopts a ñdeepò 

algorithm to automatically learn the feature representation of data, avoiding the cumbersome 

feature engineering process. The ñdeepò refers to the algorithmôs ability to obtain high-level 

abstract features through multiple nonlinear transformations of low-level features. Unlike ML, 

DL is a data-driven approach that solves problems in an end-to-end learning manner. However, 

DL faces a critical problem known as the Credit Assignment Problem (CAP), which is the 

contribution of different components (or their parameters) to the final output in a system [86]. 

Deep neural networks (DNNs) are the mainstream in DL because they can effectively tackle 

CAPs using the back-propagation training method.  

Since the 2010s, DNNs have become prevalent and have outshone conventional ML 

algorithms, mainly due to three key factors:  

(a) the availability of powerful and cheap graphics processing unit (GPU) cards, which makes 

training DNNs possible; 
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(b) the explosive growth of labeled datasets with the dawn of the internet era, which enables 

the training of very large DNNs with billions of parameters without overfitting; and 

(c) the outstanding success of DL, which has attracted enormous commercial interest. Various 

technology giants such as Google, Facebook, Amazon, and Baidu are devoting significant 

resources to this area and developing high-quality open-source DL toolkits such as 

TensorFlow [87], PyTorch [88], MXNet [89], and PaddlePaddle [90]. These toolkits 

considerably lower the requirement for developing DL algorithms and attract more 

researchers to DL areas. 

2.5.2 Artificial neural network 

Artificial neural networks (ANNs) are mathematical models inspired by the structure and 

function of the nervous system in human brains. ANNs are also commonly referred to as neural 

networks (NNs) or neural models. In the human brain, neurons are electrically excitable cells 

and the fundamental component of the nervous system. They store information and 

communicate with other cells through thousands of synapses. The human brain has 

approximately 86 billion neurons, and their connections form a vast and complex network [91]. 

Fig. 2.12 (a) depicts the conceptual structure of a typical neuron. A neuron consists of a cell 

body (soma), dendrites, and a single axon. The cell membranes of soma contain various 

receptors and ion channels. These receptors can bind to the corresponding chemical 

neurotransmitters, which cause changes in ion permeability and a potential difference between 

the inner and outer membranes. The soma generates physiological activity, including 

excitation and inhibition. The dendrites receive signals and transmit them to the cell body for 

signal processing. The processed signal is then sent out by axon. 
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Fig. 2.12 (a) Typical neural structure. (b) Artificial neuron. It accepts D inputs and calculates 

the weighted average. The weighted average is also noted as net input, which is then 

processed by an activation function f. Fig. 2.12 (a) was adopted from Wikipedia, 

https://en.wikipedia.org/wiki/Neuron.  

The artificial neuron shown in Fig 2.12 (b) mimics the structure and function of a neuron. 

Suppose the input vector X has D features, ╧ ὼȠὼȠȣȠὼ . The neuron calculates the 

weighted sum of X and then processes the result by an activate function f:  

ώ Ὢ ύ ὼ ὦ Ὢύ ὼ ὦȟ ςȢσς 

where ύ ύȠύȠȣȠύ ᶰᴙ  is a D-dimension weight vector, ὦɴ ᴙ  is the bias value. 

The activation function is a nonlinear function that can expand the networkôs representation 

capability and learning ability. It should be simple enough to improve the computational 

efficiency, and its value and derivativeôs value should be in suitable ranges to improve training 

stability. 

Table 2.1 Common nonlinear activation functions 

https://en.wikipedia.org/wiki/Neuron
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Table 2.1 presents the definitions, derivatives, and graphs of commonly used nonlinear 

activation functions in ANNs. The sigmoid, a mathematical function with an ñSò-shaped curve, 

was popular in early ANN literature due to its desirable mathematical properties. The sigmoid 

function is continuously conductive. Its output range is within (0, 1), making it interpretable 

as probabilities, which is useful in some computations. Tanh and Hard-Tanh are similar 

activation functions. However, the sigmoid function saturates at both ends, resulting in zero 

gradients and a gradient vanishing problem, making it unsuitable for deep ANN training. Thus, 

non-saturating activation functions like piecewise linear activation functions are preferred. 

One of the most popular piecewise linear activation functions is Rectified Linear Unit (ReLU) 

[92]. ReLU has high computational efficiency because it only requires addition, multiplication, 
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and comparison operations. It also has reasonable biological plausibility, such as unilateral 

inhibition, wide excitation boundary, and sparsity. ReLU can alleviate the gradient vanishing 

problem. However, the output of ReLU is non-zero-centric because ReLU only outputs non-

negative values. It will introduce an offset bias and affect the efficiency of gradient descent. 

In addition, if the weights in some neurons are initialized to be large negative values, then the 

neurons have a slim chance of being activated. This is the ñdying ReLUò problem. In practice, 

some variants of ReLU are proposed to avoid these problems. 

The Leaky-ReLU attempts to fix the ñdying ReLUò problem by introducing a slight negative 

slope when the input value is negative [93]. The negative slope can also adjust through network 

training. In this case, it is called Parametric ReLU (PReLU). To address the offset bias problem, 

Exponential Linear Unit (ELU) is developed [94]. ELU has approximately zero centralized 

output. The Swish function is a self-gated activation function, which is a non-linear 

interpolation function between the linear function and ReLU [95]. The parameter ɓ controls 

the shape of the Swish function. The Gaussian Error Linear Unit (GELU) is also a gate-

controlled activation function, like Swish [96].  

Although a single neuron has a simple function, many neurons work together to form ANNs, 

realizing very complex functions. ANNs are large-scale parallel distributed processing systems 

in which the neurons connect via a specific communication topology. The ANN has three 

features:  

(a) The representation of information is non-local and distributed throughout the whole 

network.  

(b) Memory and knowledge are stored in the connections between neurons. 

(c) Learning is done by changing the weights of connections between neurons. 

A complete ANN algorithm contains three parts: network architectures (models), 

backpropagation and loss function, and network optimization and regularization. The 

following sections will explain them in more detail. 
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2.6 Neural network architectures 

The contents in this section are mainly summarized from [97] and [98]. 

2.6.1 Feedforward Neural Networks 

The Feedforward Neural Network (FNN) is the earliest developed simple network architecture. 

It is also named Multi-Layer Perceptron (MLP). Fig. 2.13 shows an example of FNN. The first 

layer (input layer) receives the input signal. Then the signal passes through several hidden 

layers and is processed by neurons inside each layer. The latest layer is the output layer, 

sending out the final signal. The whole network has no feedback and loop, and the signal 

propagates unidirectionally from the input layer to the output layer. Therefore, FNN can be 

described by a directed acyclic graph (DAG). 

 

Fig. 2.13. Feedforward Neural Network (FNN) architecture. 

Let X be the input signal, ◐ the output signal, L the layer number, Ml the neuron number in 

the lth layer, ἥ ᶰᴙ the weight matrix of the lth layer, ╫ ᶰᴙ  the bias of lth layer, 

and fl the activation function of lth layer. The FNN can be expressed as a nested function:  

◐ █ ╦ ȢȢȢὪ╦ Ὢ╦ ╧ ╫ ╫ ╫ ╫ Ȣ ςȢσσ 

It is easy to see that each layer implements an affine transformation and a nonlinear 

transformation on the signal from the previous layer. The whole FNN can also be described as: 

◐ █╧Ƞ╦ȟ╫ȟ ςȢστ 
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where W and b denote the weight matrices and biases of all layers. 

According to the Universal Approximation Theorem, FNN has a compelling ability to 

approximate any bounded and closed-set function with arbitrary precision [99]. However, in 

practice, such capability is prone to overfitting. In addition, we often do not know the 

underlying mapping functions and how to find the optimized FNN architectures and 

parameters. Instead, the neural network should be trained to learn from the training dataset by 

minimizing the pre-defined loss functions using some optimization algorithms and 

regularizations. 

2.6.2 Convolutional Neural Networks 

In practical tasks, many data are highly structured. For example, voice signals have one-

dimensional (1D) temporal structures, natural images have 2D spatial structures, and time-

resolved images have 3D spatial-temporal structures. FNN has some notable disadvantages 

when processing such structured data. First, FNN tends toward oversized parameters. Take a 

2D image ╧ᶰᴙ  as an example, where H, W, and C are the width, height, and color 

channel, respectively. If an FNN has L layers and each layer has N neurons, there will be 

Ὄ ὡ ὅ ὒ ὔ connections in total. The number of parameters is enormous and will 

dramatically increase as network size increases, leading to difficulty in network training and 

overfitting problems. Second, in natural images, many objects have local invariance features. 

Their semantic information is not affected by scale, shift, and rotation operations. FNN cannot 

capture the local invariance features. The convolutional neural network (CNN) is designed to 

address these problems. CNN is inspired by the receptive field in the brainôs visual cortex, 

which is a specific FNN with a local connection, weight sharing, and information pooling 

features. CNN has been the dominant network architecture in imaging tasks, achieving 

outstanding successes in imaging tasks such as image classification, segmentation, object 

detection, human face recognition, and so on. The accuracy significantly outperforms other 

network architectures. It has also found various applications in natural language processing, 

reinforcement learning, and recommendation systems. 
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In CNN, the matrix multiplication is replaced by a convolution operation. The 1D convolution 

between two discrete vectors ●ᶰᴙ, and ◌ᶰᴙ  is described as: 

ώ ύ ὼ ȟ ςȢσυ 

or: 

◐ ◌ ●zȢ ςȢσφ 

The asterisk * denotes the convolution operator. The vector w is often named filter or 

convolution kernel. Likewise, the 2D convolution between an image ●ɴ ᴙ  and a filter 

◌ᶰᴙ  is defined as: 

ώ ύ ὼ ȟ ȟ ςȢσχ 

or: 

╨ ╦ ╧zȢ ςȢσψ 

It should be noted that in the deep learning literature, the convolution operator is replaced by 

the cross-correlation operator. The cross-correlation is closely related to convolution, in which 

the filter w does not need to flip for the multiplication. The 2D cross-correlation is defined as: 

ώ ύ ὼ ȟ Ȣ ςȢσω 

It can be denoted as: 

╨ ╦ṧ╧Ȣ ςȢτπ 

Because in CNN, the parameters in w are obtained through learning, the convolution is 

equivalent to cross-correlation. It is unnecessary to add additional operations to flip the filter. 

Thus, all convolution is cross-correlation by default in CNNs. 
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Fig. 2.14. (a) schematic view of a 2D convolution between ς ς and σ σ matrices. (b) 

The equivalent FNN of the 2D convolution. 

Fig. 2.14 shows a simple example of 2D convolution, ╨  ╦ ṧ ╧, where W and X are 

ς ς  and σ σ  matrices, respectively. Fig. 2.14 (a) shows convolution as an effective 

method for feature extraction. The filter works as a template sliding through all input image 

patches. After the convolution, a feature map that matches the filter is obtained. We usually 

use many filters to extract different feature maps. Fig. 2.14 (b) shows the equivalent FNN of 

the convolution. The neurons are locally connected and share weight parameters in different 

connections. In addition, the network becomes sparse compared with fully connected FNNs. 

From this viewpoint, CNN is a highly regularized FNN. 
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Fig. 2.15. Schematic view of the sliding window in a 2D convolutional operation with (a) 

stride = 1, (b) zero padding on the boundaries, (c) stride = 2, and (d) dilation rate = 2. 

The convolution layers have various configurations by setting the stride, padding, and dilation. 

Fig. 2.15 (a) shows an example of 2D convolution between a 33 image and a 22 kernel 

with stride = 1. The output matrix is 22. This type of convolution is called valid convolution. 

Fig. 2.15 (b) shows the same convolution with ñ0ò padding applied on the boundaries. The 

output has the same size as the matrix. This type of convolution is called the same convolution. 

The value in the padding pixels and padding pixel number can be set arbitrarily. Fig. 2.15 (c) 

shows the convolution with stride = 2. The kernel slides the image by skipping every 2 pixels. 

Fig. 2.15 (d) shows the dilated convolution with dilation rate = 2. Dilated convolution enlarges 

the receptive field while keeping a few parameters in the kernel. For dilation rate = r, it takes 

every rth value in the input image when performing convolution. Other pixels in the kernel are 

set to zero. Therefore, dilated convolution is also called convolution with holes. In a general 

2D convolution, if the padding number is (p1,p2), stride is (s1,s2), kernel size is (k1,k2), and 

dilation rate is (d1,d2), for a H W input image, the size of the output image is: 

Ὄ
Ὄ ςὴ Ὠ Ὧ ρ ρ

ί
ρȟ ςȢτρ 
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where ỗ Ͻ Ộ denotes the rounding down operator. 

 

Fig. 2.16. Pooling layers and up-sampling layers: (a) max pooling, (b) average pooling, (c) 

up-sampling layer by repeating input values, and (d) up-sampling layer by interpolating the 

selected areas. 

The convolution layers often work together with the pooling layers, as illustrated in Fig. 2.16 

(a) and (b). The pooling layers, also called the subsampling layers, are used for feature 

selection. There are two commonly used functions in pooling layers: max pooling and average 

pooling. Fig. 2.16 (a) shows the max pooling, which uses the maximum value of the selected 

area as the output. The average pooling is an alternative operation that calculates the average 

values of the selected area as the output. In contrast to pooling layers, the up-sampling layers 

increase the features by repeating the input values (Fig. 2.16 (c)) or interpolating the selected 

areas (Fig. 2.16 (d)). 

The batch normalization (BN) layers are effective techniques for designing deep networks. As 

mentioned above, deep networks are difficult to train because of the gradient vanishing and 

exploding problems. BN layers provide an effective solution to alleviate these problems and 

make the training easier by standardizing the distribution of layer outputs with zero mean and 
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unit variance in a minibatch. Assume the output vector after the activation function is zn and n 

is the batch size. BN layer calculates the output ᾀǶ as follows: 

ᾀǶ ‎ṩ
ᾀ Ⱨꜞ

Ɑꜞ ‭

‍ȟ ςȢτσ
 

Ⱨꜞ
ρ

ȿꜞȿ
ᾀ

ᶰꜞ

ȟ ςȢττ 

Ɑꜞ
ρ

ȿꜞȿ
ᾀ Ⱨꜞ

ᶰꜞ

Ȣ ςȢτυ 

In the above functions,  ꜞis the minibatch with n samples; Ⱨꜞ and Ɑꜞ are the mean and 

variance of the outputs for the minibatch; ɓ and ɔ are learnable parameters in the BN layer, and 

‭ > 0 is a small constant to keep numerical stability. 

There are various network architectures for different tasks by assembling different kinds of 

layers. Fig. 2.17 shows the schematic views of four typical backbone network architectures. 

The VGG16 shown in Fig. 2.17 (a) is a popular network architecture for image classification, 

achieving 92.7% accuracy in classifying 1000 images of 1000 different categories [100]. 

VGG16 is considered a milestone in computer vision. There are 21 layers in VGG16, including 

thirteen convolution layers, five max-pooling layers, and three dense layers. The ñ16ò means 

16 trainable layers (convolution and dense layers). VGG16 takes 224224 images with 3 RGB 

channels as inputs. The basic building block contains a stack of convolution layers with a 33 

kernel size, one stride, and one zero padding, followed by a max-pooling layer. Three fully 

connected layers follow the convolution layers. The output layer has a Softmax activation and 

outputs the possibilities of 1000 classes. The outstanding performance of VGG16 is attributed 

to the use of small convolution kernels, which can be seen as a regularization of large kernel 

size and significantly reduces model parameters. Fig. 2.17 (b) shows the architecture of the 

Auto-Encoder [101]. An Auto-Encoder contains an encoder and a decoder, which have a 

symmetric structure and form a bottleneck shape. The encoder learns the representation of the 
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input and compresses and maps the input to latent variables, whereas the decoder reconstructs 

the original input. Auto-Encoders are popular in both supervised and unsupervised 

representation learning tasks. The U-net shown in Fig. 2.17 (c) can be seen as a variant of the 

auto-encoder [102]. There are skip connections between different levels of the down-sampling 

and up-sampling layers, improving the effective usage of information. U-net has achieved 

superior performance in biomedical image segmentation. It is also a popular architecture for 

various end-to-end tasks. Fig. 2.17 (d) shows a general model of Generative adversarial 

networks (GANs) [103]. GANs belong to the family of generative models, which can generate 

new data that resemble the training data. A GAN contains a generative model and a 

discriminative model. The generative model creates new data with similar distributions to the 

training data. In contrast, the discriminative model tries to determine whether the input is 

generated by the generative model or from the training data. They train and compete with each 

other until they reach Nash equilibrium. GANs have found various applications, including 

image generation, 3D model reconstruction, and data argumentation, to name a few [104]. One 

challenge for GANs is the difficulty in network training. Model collapse and non-convergence 

problems often happen during model training. 



48 

 

 

Fig. 2.17. Common DL architectures. (a) VGG16, (b) Auto-Encoder, (c) U-net, and (d) GAN. 

2.6.3 Recurrent Neural Network (RNN) 

Both FNN and CNN are complex nested functions. The output depends on the input, and the 

information unidirectionally transmits from the head to the toe. Although this ñfeed-forwardò 

architecture makes the network easy to train, it limits the networkôs capability at the same time. 
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In many tasks for sequences such as machine translation, natural language processing, and text 

classification, the output depends not only on the input but also on the previous state/output. 

In addition, FNN and CNN have fixed-length input and output, being difficult to process 

length-variant time-series data such as video, text, and audio. 

 

Fig. 2.18. RNN and its unrolled form in time sequence. 

Recurrent Neural Networks (RNNs) are designed for sequence processing and can address the 

above problems. An RNN has short-term memory and loop structures so that the neuron in 

RNN can receive information from both other neurons and the neuron itself. Fig. 2.18 (a) 

shows a simple RNN with one hidden layer. The hidden layer has a feedback connection. 

Assume the input is ●ᶰᴙ  and the hidden state is ▐ᶰᴙ  at time step t. The update of 

the hidden layer at time step t is determined by the input of the current time step together with 

the previous hidden state: 

▐ █╦ ● ╦ ▐ ╫Ȣ ςȢτφ 

In Eq. (2.46), ╦ ᶰᴙ   and ╦ ᶰᴙ   are the weight matrixes for ●  and ▐  , 

respectively. ╫ᶰᴙ  is the bias matrix. The activation function of the hidden layer is █Ͻ. 

Fig. 2.18(b) illustrates the computational logic of the unrolled RNN at sequenced time steps. 



50 

 

 

Fig. 2.19 variants of RNNs 

Different variants of RNNs are summarized in Fig. 2.19. The Vec2Seq model in Fig. 2.19 (a) 

is used for sequence generation. The input is a vector, and the output is an arbitrary-length 

sequence of vectors. Vec2Seq models are useful for language modeling, music generation, and 

image captioning. On the contrary, the Seq2Vec model in Fig. 2.19 (b) receives a sequence of 

vectors as input and outputs a vector. Seq2Vec models are widely used in sequence 

classifications. The Seq2Seq model takes sequences as both input and output. There are two 

cases for Seq2Seq models shown in Fig. 2.19 (c) and (d). The first is aligned Seq2Seq models, 

in which the input and output sequences have the same length. These models are mainly used 

for sequence labeling, such as part-of-speech tagging and name entity recognition. The second 

is unaligned Seq2Seq models. The input and output sequences have different lengths. 

Unaligned Seq2Seq models are also called encoder-decoder models. They have important 

applications in machine translation.  

Theoretically, simple RNNs can learn the long-term dependencies among time states, given 

that RNNs have sufficient layers. However, only short-term dependencies are learned due to 

gradient exploding and vanishing problems. To address the long-term dependencies problem, 

Gated RNNs use the gating mechanism to control the flow of information. There are two 

typical gated architectures to maintain a separate cell state: Long Short-Term Memory 

Network (LSTM) and Gated Recurrent Unit (GRU). 
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Fig. 2.20. LSTM and GRU architectures. 

In simple RNNs, the hidden states can be viewed as short-term memory as they are re-written 

every time. In contrast, in LSTMs, the memory cell can capture important information at some 

time and keep it for a relatively long period. It is the reason why such architecture is called 

Long Short-Term Memory Network. As shown in Fig. 2.20 (a), the basic idea of LSTMs is to 

control an internal state in a cell using three gates: the input gate ░ᶰπȟρ  controls the 

input information, the forget gate █ᶰπȟρ  determines what information should be reset, 

and the output gate ▫ᶰπȟρ  control the output information. All three gates are soft gates 

with values ranging from 0 to 1. They update as follows: 

░ ʎ╦● ╤▐ ╫ ȟ ςȢτχ 

█ ʎ╦ ● ╤▐ ╫ ȟ ςȢτψ 

▫ ʎ╦ ● ╤▐ ╫ ȟ ςȢτω 

where is the logistic function with an output range [0, 1]. Then a candidate state is computed 

as: 

╒ ὸὥὲὬ╦ ● ╤▐ ╫ Ȣ ςȢυπ 

The actual update of the state is: 

╒ █ṩ╒ ░ṩ╒Ȣ ςȢυρ 

The final output is: 

▐ ▫ṩ◄╪▪▐╒ Ȣ ςȢυς 
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The GRU is a simpler architecture than LSTMs. Fig. 2.20 (b) shows the architecture of GRU. 

The update of GRU is: 

▐ ◑ṩ▐ ρ ◑ ṩ▐Ȣ ςȢυσ 

In the above equation, ◑ᶰπȟρ  is the update gate, which is: 

◑ ʎ╦ ● ╤▐ ╫ Ȣ ςȢυτ 

▐ is the candidate state at time t, which is: 

▐ ὸὥὲὬ╦ ● ╤ ►ṩ▐ ╫ ȟ ςȢυυ 

where ◑ᶰπȟρ is the reset gate, which is: 

► ʎ╦ ● ╤▐ ╫ Ȣ ςȢυφ 

When zt = 0 and rt = 1, the GRU degrades to a simple RNN; When zt = 0 and rt = 0, the current 

state ht only relates to the current input xt; When zt = 0, the current state ht equals the previous 

state ht-1 and is independent to the input xt. 

2.6.4 Attention Mechanism and Transformer 

The attention mechanism mimicking the cognitive mechanism in human brains can selectively 

process useful information and omit irrelevant information, thus significantly improving the 

computational efficiency and neural networksô capability [105]. In general, the input 

information can be represented by Key-Value pairs. Then we introduce Query vectors to 

calculate the similarity between keys and queries and dynamically decide which values should 

be used. It is the basic idea of the attention mechanism. Considering N input Key-Value pairs 

╚ȟ╥ ▓ȟ○ ȟỄȟ▓╝ȟ○╝ , and the query vector q, the attention function is: 

ὥὸὸ╚ȟ╥ȟ▲ ‌○▪
Ὡὼὴί▓▪ȟ▲

ВὩὼὴί▓▒ȟ▲
○▪Ȣ ςȢυχ 
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In the above function, ί▓ȟ▲ is the scoring function. There are two steps in the calculation 

of attention functions. The first step is to calculate the attention distribution ‌  using a 

scoring function ίϽ. The second step is to calculate the weighted average of the input values. 

Two typical scoring functions are used for calculating ‌ , the addictive function and the 

scaled dot-product function. The addictive function is: 

ί▓ȟ▲ ╦ ὸὥὲὬ╦●● ╦▲▲ȟ ςȢυψ 

where ╦, ╦●, and ╦▲ are learnable parameters. The scaled dot-product function is: 

ί▓ȟ▲
▓▲

ЍὨ
ȟ ςȢυω 

where d is the dimension of the input vector. When d is larger, the dot-product has a large 

variance, leading to a small gradient of the softmax function. The denominator ЍὨ can effetely 

alleviate this problem. Both addictive and scaled dot-product functions have similar 

computational complexity. The scaled dot-product function is more prevailing because it takes 

advantage of matrix multiplication well and has better computational efficiency. The attention 

can be extended to multi-head attention, in which we use multiple query vectors ╠

▲ȟỄȟ▲╜  to choose different information from the input: 

ὥὸὸ╚ȟ╥ȟ╠ ὥὸὸ╚ȟ╥ȟ▲ ṥȟỄȟṥὥὸὸ╚ȟ╥ȟ▲ ȟ ςȢφπ 

where ṥ denotes vector concatenation. The attention mechanism techniques have improved 

the performance of various neural networks and become an omnipresent component in state-

of-the-art models.  
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Fig.2.21. Calculation process in the self-attention model. 

The self-attention models automatically utilize the attention mechanism to generate Query-

Key-Value pairs from input data. Fig. 2.21 shows the calculation process of the self-attention 

model. Given a sequence of input ╧ ●ȟỄȟ● ᶰᴙ  , the self-attention model 

generates the output ╨ ◐ȟỄȟ◐ ᶰᴙ  . Firstly, the input linearly maps to ╠

▲ȟỄȟ▲ , ╚ ▓ȟỄȟ▓ , and ╥ ○ȟỄȟ○  by multiplying weight matrixes: 

╠ ╦ ╧ᶰᴙ ȟ

▓ ╦ ╧ᶰᴙ ȟ

╥ ╦ ╧ᶰᴙ ȟ

ςȢφρ 

where ╦ ᶰᴙ , ╦ ᶰᴙ , and ╦ ᶰᴙ  are weight matrixes for Q, K, and 

V (Note Ὀ Ὀ). Then for a single ▲, the output ◐ is: 
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◐ ὥὸὸ╚ȟ╥ȟ▲ ίέὪὸάὥὼί▓ȟ▲ ○Ȣ ςȢφς 

If the scaled dot-product function is used as the scoring function, the output Y is: 

╨ ╥ίέὪὸάὥὼ
╚╠

Ὀ
Ȣ ςȢφσ 

One prominent advantage of the self-attention model is the global field of view for the input 

vectors. In previous CNNs and RNNs, the input vectors are locally connected. The self-

attention model simultaneously considers all input vectors during the calculation, providing 

an efficient way to solve the long-term dependencies problem. Meanwhile, the computation 

can be parallelized, and the matrix multiplication is more efficient. The self-attention model 

can be used as a single layer to replace convolution and recurrent layers or mixed with other 

layers. The self-attention model can extend to a multi-head attention model using multiple 

attention matrices to capture different features. 

The transformer model uses self-attention mechanisms to construct both the encoder and 

decoder [105]. The transformer model breaks the barrier between two main areas in DL 

applications, natural language processing and computer vision. The transformer has 

outperformed RNNs and achieved state-of-the-art performances in various sequence 

generation tasks, including machine translation, text generation, and protein sequence 

generation. It also achieved outstanding success in computer vision tasks such as image 

recognition, image generation, image Classification, and object detection within a short time 

[106]. 
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Fig. 2.22 The Transformer model architecture. 

Fig. 2.22 shows the architecture of the Transformer. The encoder adopts a series of encoder 

blocks. Each block uses a multi-headed attention layer, residual connections, and layer 

normalization. The decoder has similar architecture. It receives both information from the 

encoder and previously generated outputs. Since the self-attention layers only consider the 

similarity of input keys and queries and neglect the position information, both input and output 

should be added with a positional embedding. The positional embedding can be realized by 

assigning a unique positional vector to each position. Such positional vectors can be manually 

designed or learned from data. The transformer model can be viewed as a complex version of 

CNN. In CNN, self-attention can only attend in a fixed receptive field of a convolutional kernel. 

The transformer extends this ability to learnable receptive fields. In addition, the transformer 

can also be viewed as a variant of an RNN. 

2.7 DL training techniques 

2.7.1 Backpropagation and loss function 

The loss function should be pre-defined to train the neural network. Then the learning process 

relies on the backpropagation (BP) algorithm to optimize network parameters. For 

simplification, Fig. 2.23 shows a feedforward model with a 4-node linear chain to illustrate 

the BP algorithm. 
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Fig. 2.23. Chain rule for backpropagation algorithm 

Assume that the input value is ●ᶰᴙ , a composite function f is defined as:█●

█ █ʐ █ʐ █ʐ ● , where █ȡᴙ ᴼᴙ  ,█ȡᴙ ᴼᴙ  , █ȡᴙ ᴼᴙ  , 

█ȡᴙ ᴼᴙ . First, the forward propagation calculates and stores the intermediate variables 

and output. The intermediate variables are ●  █ ●, ●  █ ● , ●  █ ● , and 

the output ╛  █ ● . Second, the backpropagation calculates the gradients using the chain 

rule from the output to the input: 

Ћ╛

Ћ●

Ћ╛

Ћ●

Ћ●

Ћ●

Ћ●

Ћ●

Ћ●

Ћ●
╙█ ● ╙█ ● ╙█ ● ╙█ ● ȟ ςȢφτ 

where ╙█● is the Jacobian matrix defined as: 
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Ћὼ
ᶰᴙ Ȣ ςȢφυ 

Once the gradients are obtained, the gradient-descent optimization algorithms will be used for 

upgrading parameters. The BP algorithm can be extended to general DAGs. Thanks to the 

computational graph and auto differentiation techniques, the BP algorithm can be fast 

implemented without manual calculation, in practical network training.  

A proper loss function is critical for network training, which determines the learning criteria 

for network training. There are various loss functions for different tasks. For example, in 

regression problems, the mean square error (MSE) loss (L2 norm) is widely used, which is 

defined as: 

ὓὛὉ
ρ

ὔ
ὣ ὣ ȟ ςȢφφ 
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where N is the total number of data samples (batch size), ὣ is the label, and ὣ is the predicted 

value. Similarly, the mean absolute error (L1 norm) is defined as: 

ὓὃὉ
ρ

ὔ
ὣ ὣ ȟ ςȢφχ 

MAE does not penalize the outliers with squares. Sometimes, more complex Huber loss is 

used instead of MAE and MSE. This loss function is defined as: 

ὒ ὣȟὣ
ρȾςὣ ὣ           Ὢέὶ ȿὣ ὣȿ ‏

ȿὣ‏ ὣȿ ρȾς‏ȟ         έὸὬὩὶύὭίὩ
ȟ ςȢφψ 

where ŭ is a hyperparameter.  

The cross-entropy loss and KullbackïLeibler divergence (KL- divergence) are common 

choices for classification problems. Both loss functions measure how the predicted probability 

distribution ὣ is similar to the target distribution ὣ. The cross-entropy loss is defined as: 

ὒὣȟὣ
ρ

ὔ
ὣὰέὫὣ ρ ὣὰέὫρ ὣ Ȣ ςȢφω 

The KL- divergence is defined as: 

Ὀὣȟὣ ὣὰέὫ
ὣ

ὣ
Ȣ ςȢχπ 

Of course, this section cannot exhaust all possible loss functions. Many customized loss 

functions are developed for specific tasks. For example, dice coefficient loss and shape-aware 

loss are proposed in image segmentation. In image super-resolution, kinds of perceptual loss 

functions are designed to measure the similarity between two images. The choice of specific 

loss functions should be based on analyzing particular problems [98]. 
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2.7.2 Optimization algorithms 

The optimization of ANNs is considerably complicated because ANNs are nonlinear systems, 

and their loss functions are high-dimensional non-convex functions. The challenges in network 

training can be summarized as follows: 

a. For high-dimensional non-convex optimization problems, the existence of local 

minima and saddle points makes the optimization intractable. The optimization often 

stalls at local minima, and the gradients will vanish at saddle points.  

b. Deep ANNs suffer from gradient vanishing and explosion, causing the failure of 

gradient descent algorithms. 

c. There is no one-size-fits-all optimization algorithm considering the variety of neural 

network architectures. 

d. Due to the extensive parameters of deep ANNs and large training datasets, it is 

impractical to use computationally expensive second or higher-order optimization 

algorithms to train the neural networks. 

The first-order gradient descent algorithms are the mainstream for network training. The 

primary optimization algorithm is Stochastic Gradient Descent (SGD). Consider a neural 

network █ ●ȟⱣ , where ɗ is the network parameters. During the training process, we 

uniformly sample B training data ╢  ●ȟ◐ ȟỄȟ●ȟ◐   from the training dataset 

each time. The derivative with respect to ɗ at tth iteration is: 

▌ —
ρ

ὄ

‬╛◐ȟ█●ȟ—

‬—
●ȟ◐ ╢ɴ

ȟ ςȢχρ 

The updated parameter is: 

— –▌ȟ ςȢχς 
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where ɖ>0 is the learning rate — ḯ — — . We usually use minibatch SGD to improve 

computational and statistical efficiency. The small batch number B can fully utilize the 

hardware resource and significantly improve the convergence speed. Eq. (2.72) shows that the 

learning rate and the gradient estimation play an important role in gradient descent. Therefore, 

researchers propose improved algorithms based on minibatch SGD to ensure effective and 

efficient network training. According to different improved aspects, the improved optimization 

algorithms can be divided into three categories: adaptive learning rate, modifying gradient 

estimation, and combined methods. 

The commonly used optimization algorithms with adaptive learning rates include AdaGrad, 

AdaDelta, and RMSprop [107]. AdaGrad adaptively adjusts the learning rate of each parameter 

at every iteration. We first calculate the cumulative squared gradient at tth iteration: 

Ὃ ▌ṩ▌ȟ

  

ςȢχσ 

where ṩ is the element-wise multiplication, ▌ᶰᴙȿȿ is the gradient at tth iteration. The 

updated parameter is: 

—
–

Ὃ ‐
ṩ▌ȟ ςȢχτ 

where ɖ is the initial learning rate, and Ů is a small value (typical 10-8) to keep the numerical 

stable. For AdaGrad, a parameter that has a large cumulative squared gradient will lead to a 

smaller learning rate and vice versa. The overall learning rate will decrease as the iteration 

epoch increases. However, this would lead to a minimum learning rate after many iterations 

and the optimization will stall. RMSprop can fix the early stop of optimization caused by a 

monotonically decreased learning rate in AdaGrad. RMSprop first calculates the decaying 

average of gradient updates: 

Ὃ ‍Ὃ ρ ‍▌ṩ▌ȟ ςȢχυ 
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where ɓ is the decay rate. The updated parameter is the same as Eq. (2.75). AdaDelta is a 

further extension of AdaGrad by adapting learning rates based on the decaying average of 

gradient updates, instead of accumulating all past gradients. It is similar to RMSprop. 

A typical algorithm for optimization algorithms with modifying gradient estimation is the 

Momentum method. Momentum is a physics concept, meaning an object keeps its original 

moving tendency. The momentum method mimics this physics concept and uses the 

accumulated gradient to replace the current gradient. The iterative gradient can be considered 

as acceleration. The updated parameter at tth iteration is: 

— ” — ‌▌ȟ ςȢχφ 

where ɟ is the momentum factor and is typically set as 0.9. Ŭ is the learning rate.  

The combined method combines both the adaptive learning rate and the Momentum method. 

For example, The Adaptive Moment Estimation Algorithm (Adam) combines the RMSprop 

and Momentum methods.  

2.7.3 Regularizations 

Deep neural networks have a strong fitting ability to train data due to their high complexity 

and nonlinearity. However, it could cause overfitting problems, i.e., the excellent performance 

on training datasets cannot be generalized to other testing datasets. Regularization is a family 

of various techniques that can restrict network complexity and avoid overfitting. Commonly 

used regularizations include introducing constraints, dropout, and early stopping. 

The network optimization with l1 or l2 constraints can be described as: 

Ᵽᶻ ὥὶὫÍÉÎ
Ᵽ

ρ

ὔ
︡ώȟ█●ȠⱣ ‗Љ  Ᵽȟ ςȢχχ 

where ︡ẗ is the loss function, █Ᵽ the neural network with parameter set ɗ, Љ   the 

1- or 2-norm and ɚ the regularization coefficient. Љ  and Љ  can be added to the 

regularization terms. It is known as elastic net regularization. 
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Fig. 2.24. Drop out and early stopping techniques to prevent overfitting. 

The dropout method randomly drops out some neurons during training. It can also drop out 

the input neurons, equivalent to adding noise to the data. Fig. 2.24 (a) shows the FNN before 

and after dropout. The dropout method can efficiently improve the networkôs robustness and 

avoid overfitting. Another simple but effective regularization method to prevent overfitting is 

the early stopping method. Fig. 2.24 (b) illustrates the principle of early stopping. During the 

training, we use an independent validation set to validate the training. The iteration terminates 

once the validation loss stops decreasing.  

In summary, sections 2.5-2.7 systematically review the fundamental knowledge of ANNs. It 

should be emphasized that deep learning is a highly empirical discipline at present. To 

efficiently train ANNs, researchers conclude many tricks and techniques learned from 

extensive trial and error. These methods include parameter initialization, data preparation, data 

argumentation, and hyperparameter optimization. In addition, the graphic neural network and 

reinforcement learning are not presented because they are out of the scope of this thesis. 
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2.8 Deep learning in microscopy 

 

Fig.2.25. General image formation process. 

DL has revolutionized optical imaging by introducing a new data-driven approach. Fig. 2.25 

illustrates the image formation process of general imaging modalities. The object modulates 

the propagating light. After undergoing a specific physical process (e.g. light propagation 

through an optical path), the modulated light carrying the objectôs information is detected by 

an image sensor. This process can be described as: 

╨ ╗╧ȟ—ȟ ςȢχψ 

where X is the object image, H is the transfer function of the physical process, ɗ is other effect 

factors, and Y is the detected image. For example, the optical system can be characterized by 

the point spread function (PSF) in microscopy systems. The PSF describes the impulse 

response of the optical system to a point light source. The Fourier transform of the PSF is the 

Optical Transfer Function (OTF). The mode and phase of the OTF are the Modulation Transfer 

Function (MTF) and the Phase Transfer Function (PTF), which describe the system 

characterizations in space and frequency domains, respectively. The PSF can represent H, and 

the detected image Y is: 

╨ ὖὛὊz╧ ςȢχω 

The PSF should be evaluated first, and then X can be recovered by deconvolving the PSF with 

the detected image Y. However, in more advanced imaging systems such as optical coherence 



64 

 

tomography, digital holographic imaging, Fourier lamination imaging, and scattering medium 

imaging, H is inexplicit and has no analytical formulation. To reconstruct X, it should 

introduce many approximations and assumptions to simplify the model of the image formation 

process. Then X is obtained by solving the nonlinear inverse problem using iterative 

optimization algorithms. Such reconstruction methods are only suitable for some specific 

scenarios, and the inverse problems often become severely ill-posed.  

DL breaks this ñphysical-model-drivenò paradigm. Due to DLôs excellent learning ability from 

data, it can directly map detected image Y to the object image X, thus avoiding the difficulty 

of developing a forward model and solving the inverse problems. DL has achieved huge 

success in a wide range of biomedical optics imaging techniques within just a few years. DL-

enhanced microscopy significantly improves imaging performance beyond instrumental 

limitations. It even develops novel functionalities for better image interpretation. DL also 

provides a novel route to analyze FLIM images. The recent progress is summarized as follows: 

2.8.1 Imaging performance improvement 

SNR. Obtaining sufficient SNR is critical for better observation of samples. However, it 

usually requires high light exposure or a long imaging time, which can lead to photo-bleaching, 

photo-toxicity, and slow imaging speeds. DL techniques provide a neat way to circumvent this 

dilemma by training a neural network to map the noisy images to the corresponding noise-free 

images. For example, Weigert et al. developed a DL algorithm using U-net as a backbone to 

achieve SNR enhancement in fluorescence microscopy [108]. The network was trained using 

image pairs with low and high light exposures, and then it directly converted noisy input 

images to high-SNR output images. This study demonstrated that DL could effectively 

recognize noise and reconstruct high SNR images using 60 fold fewer photons. Similarly, DL 

techniques also find applications for SNR-enhancement tasks in other microscopy modalities 

such as widefield, confocal, multi photon, and light sheet microscopes [109-112]. 

Resolution. Optical microscopes often face a trade-off between spatial resolution and field-

of-view (FOV) or depth-of-field (DOF) due to the need for oil immersion objectives or large 
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magnification objectives. DL techniques have emerged as a solution to this problem by using 

neural networks to enhance the spatial resolution of low-resolution images. In 2017, Rivenson 

proposed a DL algorithm to improve the spatial resolution of optical microscopy [113]. To 

train the neural network, a microscopic imaging dataset with low- and high-resolution image 

pairs is prepared using a 40x and 100x oil immersion objective lens, respectively. Then, a CNN 

learns the mapping relationship between the image pair. Once the network is well trained by 

massive data, it will learn the high-frequency information of images and directly transform 

low-resolution images obtained from a 40x objective lens to the corresponding high-resolution 

images quickly. As a result, the microscopy system can simultaneously obtain high spatial 

resolution and large FOV. In addition, the imaging process is substantially simplified because 

oil immersion is no longer required. 

Similarly, GANs are also used for spatial resolution enhancement in microscopy systems. 

Wang et al. proposed a GAN-based super-resolution algorithm for reconstructing a high

resolution image from low resolution measurements, obtaining an enlarged FOV and extended 

DOF simultaneously [114]. The DL-based resolution enhancement techniques are not limited 

to optical microscopies. They are also widely applied to electron, fluorescence, and 

holographic microscopy [115-117]. Currently, DL techniques mainly focus on the aspect of 

image processing. Further research should combine the design of both optical imaging systems 

and neural networks to reconstruct object information rapidly and efficiently.  

Reconstruction speed. For many kinds of microscopy modalities, image formation requires 

a large number of measurements and complex post-processing to reconstruct the image. DL 

techniques can significantly improve imaging acquisition and reconstruction speeds by 

reducing measurement times and bypassing post-processing. Photo-activated localization 

microscopy (PALM) and stochastic optical reconstruction microscopy (STORM) are examples 

of improving image reconstruction speed using DL. Both PALM and STORM are widefield 

super-resolution microscopies that can obtain images with a spatial resolution beyond the 

diffraction limit. They use specific fluorescent molecular markers and need thousands or even 

millions of acquisition times to form the image. Therefore, these methods are incredibly time-
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consuming and rely on complex and expensive hardware systems. The advent of DL offers a 

new strategy to accelerate the reconstruction speed of STORM and PALM. It has been reported 

that super-resolution images can be reconstructed from up to two orders of magnitude fewer 

frames than conventional imaging processes, significantly reducing the imaging acquisition 

time [117-119]. Another example is phase imaging reconstruction. Only about 3% of data is 

required to reconstruct gigapixel scale phase images compared to the conventional sequential 

acquisition scheme through DL [109]. 

2.8.2 Novel functionalities 

Cross-modality image transformation. The typical applications of cross-modality image 

transformation are virtual staining and labeling. This histological analysis of tissue samples 

plays a fundamental role in clinical disease diagnosis. However, the preparation of tissue 

samples is typically laborious, lengthy, and expensive. Before being imaged by microscopy, 

the samples should be formalin-fixed and paraffin-embedded (FFPE), sectioned into 2~10 Õm 

thin slices, stained, mounted, and sealed on a glass slide. DL brings a virtual stain technique 

to circumvent these tedious steps, substantially simplifying the staining procedure and 

reducing costs. The main idea of virtual stain is to train a CNN using image pairs of unstained 

and histologically stained images. CNN can learn the hidden and complex relationships 

between massive training image pairs and then converts the unstained input images to target 

stained images. Research has demonstrated that the virtually stained images show superior 

performance, which has passed a rigorous examination by board certified pathologists [120]. 

The unstained input images could be autofluorescence, phase, and fluorescence lifetime 

images. The targeted stained images could be haematoxylin and eosin (H&E), Masson's 

Trichrome and Jonesô stain. Similarly, DL can also transform label-free contrasts such as 

brightfield, phase, and polarization images into fluorescence-labeled images [121-124]. 

Conventional physical fluorescent labels suffer from a lengthy procedure, the requirement of 

specialized reagents, inconsistency, a limited number of labels, and inevitable perturbations. 

Virtual labeling techniques based on DL can overcome these drawbacks, fast and accurately 
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labeling multiple subcellular constituents such as DNA, nucleoli, mitochondria, cell 

membrane, and cell states.  

Classification and segmentation. The powerful ability of DL to capture high-level image 

features can be used for image classification and segmentation, assisting researchers in better 

understanding and interpreting the experimental results. DL-based classification has been used 

for cancer screening, classifying disease progression, and identifying cell types and states. For 

example, the DL combined with spatial light interference microscopy has been used for 

classifying cancer and benign colorectal tissues. The accuracy of the test dataset reaches 99% 

[125]. The combination of DL and Deep-UV excitation fluorescence microscopy has been 

demonstrated to classify lymph node metastasis [126] efficiently. A recent study shows that 

applying DL in imaging flow cytometry can be used for reconstructing cell cycle progression 

[127]. Results show that DL can precisely classify the cell states into seven categories, 

including G1/S/G2, prophase, metaphase, and telophase. The accuracy for the G1/S/G2 phase 

can reach 98.73% Ñ 0.16%.  

DL-based segmentation is also a powerful tool for understanding cellular information in depth. 

The automatic segmentation of cells in ex vivo tissue enables researchers to mine more cell 

information, such as cell morphology, cell frequency, and spatial distribution of sub-cellular 

populations. The DL segmentation techniques using U-Net and its derivatives as backbones 

have been applied to semantic segmentation tasks. For example, they have been used for full-

organ, nuclear, and reflectance confocal microscopy mosaic segmentation tasks [128]. In 

addition, DL-based instance segmentation has been successfully applied to cell segmentation 

for object detection [129]. 

2.8.3 DL-enhanced FLIM analysis 

As discussed in section 2.4, conventional FLIM analysis relies on model-based fitting methods 

such as LSF and MLE or model-free non-fitting methods such as phasor analysis and CMM. 

The fitting methods are computation-intensive and time-consuming, unsuitable for fast and 

real-time FLIM analysis. Phasor analysis and CMM are more rapid as they do not need 
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iterative optimization. However, they only deliver accurate results with sufficient photons 

(large SNR) and require careful calibration. Recently, DL techniques opened the possibility 

for fast and robust FLIM analysis without resorting to data fitting. In 2016, our research group 

first applied DL in fast FLIM analysis. Wu et al. proposed an MLP-based deep learning 

algorithm, which shows a 180-fold faster speed than conventional LSF [130]. However, this 

algorithm suffers from disadvantages. First, it follows the ñtail-fittingò approach and does not 

consider the IRF. Second, due to MLPôs limited learning ability, the proposed algorithm cannot 

resolve multi-exponential decay models. One feasible method to improve the learning ability 

of MLP is to use the phasor coordinates of fluorescence decay as network input. The phasor 

coordinates can be viewed as a simple feature engineering [131]. The network can better learn 

the features of input data and can also significantly reduce the training time. Later, more 

advanced DL algorithms were developed to address the above disadvantages. In 2019, Smith 

et al. proposed a 3D-CNN-based FLIM algorithm, FLI-Net, for fast analyzing the bi-

exponential decay model [132]. The input of FLI-Net is the 3D spatial-temporal data cube, 

and the output is bi-exponential decay parameters. FLI-Net is trained using model-generated 

synthetic data without adding an extra experimental burden. Then the well-trained algorithm 

was validated by various biological applications, such as metabolic analysis and FLIM-FRET. 

FLI-Net outperforms conventional FLIM algorithms in terms of accuracy and speed, 

especially in low-photon conditions. In addition, the GAN-based FLIM algorithm, flimGANE, 

was also proposed recently [133]. However, these algorithms still suffer low efficiency, 

resulting in large hardware resource consumption and prolonged training time. Despite some 

disadvantages, it is no doubt that DL techniques have revolutionized FLIM analysis and 

opened the possibility of more novel applications. 
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Chapter 3  

Pixel-wise Deep Learning Algorithm for Fast 

Fluorescence Lifetime Imaging Analysis 

 

 

 

3.1 Introduction 

Data processing is a critical aspect of FLIM techniques because FLIM is an indirect imaging 

modality, and the fluorescence lifetime should be extracted from the measured decay 

histogram. Conventionally, the dominant methods for fluorescence lifetime estimation are 

curve-fitting-based algorithms such as LSF and MLE. Pre-defined single or multi-exponential 

decay models fit the measured decay histogram in each pixel to estimate the fluorescence 

lifetime. The main drawbacks of curve-fitting-based algorithms are as follows: 

1. The fitting processes rely on iterative-based optimization, which is computationally 

intensive and time-consuming. 

2. Prior knowledge of the lifetime parameters is required for setting proper initial 

conditions. 

3. Data analysis needs specialized software, which is only suitable for offline analysis. 

The advent of DL provides us with a new data-driven approach to addressing the above 

challenges. DL features hierarchical representation learning, showing a powerful ability to 

learn complex functions and high-dimensional data, and outshines conventional machine-

learning techniques [85]. It opens a door for fitting-free fast lifetime calculation in FLIM 
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applications. Our group first adopt the DL technique to analyze FLIM data by developing an 

MLP-based dense neural network algorithm [130]. DNN shows a remarkable advantage in 

fluorescence lifetime estimation regarding accuracy and calculation speed. However, it cannot 

analyze multi-exponential decay models due to DNNôs inadequate learning ability. Later, a 

more complex 3D CNN algorithm, FLI-Net, was proposed to rapidly analyze FLIM data with 

multi-exponential decays [132]. Since CNNs are mainly designed for computer vision tasks, 

their architectures tend to be 2D, 3D, or even higher dimensions [133-135]. FLI-Net also 

follows this principle: fluorescence data are treated as a 3D image with two spatial and one 

temporal dimension. Consequently, FLI-Net has a large model size, prolonged training time, 

and slow inference speed. In addition, high-dimensional neural networks like FLI-Net usually 

require extensive hardware resources and large power consumption, making them difficult to 

implement on embedded systems. 

This chapter develops a light-weighted and hardware-friendly pixel-wise DL algorithm to 

address the challenges above. We show that our pixel-wise DL algorithm has fewer parameters, 

short training time, fast inference speed, and a powerful ability to resolve multi-exponential 

decays accurately. The key innovation of our proposed algorithm lies in adopting one-

dimensional (1D) CNN architectures [136]. 1D CNNs use 1D convolutional kernels in 

convolutional layers. They have been widely used for real-time electrocardiogram monitoring 

and structural damage detection [136-138]. We demonstrate that the 1D CNN-based pixel-

wise DL algorithm is more suitable for FLIM analysis, possessing unparalleled advantages in 

many aspects. The main reasons are summarized below: 

1. For FLIM data analysis, only temporal decay features need to be evaluated without 

considering spatial positions during the data analysis. In other words, FLIM data 

should be treated as a 1D time series instead of a 3D matrix. It is straightforward 

because the lifetime calculation process is to fit decay curves pixel-by-pixel in both 

point-scan and wide-field FLIM measurements. In some cases, spatial binning is 

required to improve the SNR, but the fitting process works similarly. 
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2. Applying high-dimensional CNNs increases the training and calculation complexity 

significantly and requires hardware with much more computing power and larger 

memory. In contrast, 1D CNNs have fewer parameters and consume minimal 

hardware resources. 

3. 1D CNNs are much faster, as the float-point additions and scalar multiplications 

replace the complex matrix operations from high dimensional convolution in 1D 

CNNs. Thus, it is promising for real-time FLIM applications. The design and training 

of the neural network have also become much easier. 

4. Implementing 1D CNNs on electronic hardware such as FPGA devices is easier, only 

requiring simple additions and multiplications [139-141]. Simpler operations also 

guarantee simpler architectures and lower hardware resources needed. Therefore, 

they are more hardware-friendly and suitable for cheap, portable devices with limited 

CPU computing power, memory, and power supplies. Besides, simple 1D CNN 

architectures allow the processing of multiple parallel series simultaneously, 

providing a fast and feasible way for processing FLIM images. They can work as 

embedded processors compatible with existing FLIM systems. 

3.2 Training Data Preparation 

For the development of data-driven algorithms, the acquisition of a large amount of training 

data is critical. In addition, the training data directly affect the performance of the trained 

algorithms. One practical method is to generate synthetic decay curves with known parameters 

as the training datasets using Monte Carlo simulation because the mathematical models of the 

fluorescence decay curves and noise characteristics have been well developed. Under a 

sufficient photon-count condition, the synthetic measured decay is the multi-exponential decay 

mode convolved with the IRF, and the noise can be described as an addictive noise term: 

ὣὸ ὑ ɻὩ Ⱦ ὍzὙὊὸ ὸȟὸצ ρȟȣȟὔ σȢρ 
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where the fraction ratio Ŭi (i=1, é, n) obeys a uniform marginal distribution in the range from 

0 to 1 with a fixed sum of 1. The convolution result of the decay curve and IRF(t) was 

normalized to 1 and then multiplied by the peak intensity K (maximum photon counts). Ů(t) is 

the Poisson noise. For larger photon counts (generally total photon counts > 20), Ů(t) is 

approximated by a normal distribution and expressed as: 

ὸצ ὑ ɻὩ Ⱦ ὍzὙὊὸẗﬞ πȟρ σȢς 

where ﬞ πȟρ represents a normal distribution with zero mean and a standard deviation of 

1., the peak intensity K can be set as follows to generate a specified SNR:  

ὑ 3.2Ⱦ ɻÅ Ⱦ ὍzὙὊὸ σȢσ 

Our study uses homemade code in MATLAB (MathWorks Inc., Massachusetts, USA) to 

generate the synthetic FLIM datasets. The simulation parameters are specified according to 

the experiments' TCSPC (SPC-830, Becker & Hickl GmbH, Berlin, Germany). The IRF is 

fitted with a Gaussian function and expressed as ὍὙὊὸ Ὡ ẗ Ⱦ , where t0 

is the peak position. Table 3.1 shows the detailed parameter setting: 

Table 3.1 Parameters for Generating Training Datasets 

Number of time bins (N) 256 

Bin width (h) [ns] 0.039 

Total observation period (T) [ns] 10 

The peak position of IRF (t0) U[13, 15] 

FWHM of IRF [ps] 167.3 
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In the above table, U[ѻ] denotes a uniform distribution. We use the random shift of t0 to 

simulate the laser jitter.  

 

Fig. 3.1. (a) The measured IRF and the fitted IRF using the Gaussian function. (b) Examples 

of simulated bi-exponential decay curves with different SNRs. The parameters (Ű1, Ű2, Ŭ, SNR) 

of y1, y2, and y3 are (0.1, 2, 0.3, 26), (0.3, 1.5, 0.6, 38), and (0.5, 1.5, 0.8, 44), respectively. 

The dashed line represents the Gaussian IRF. (c) Examples of simulated tri-exponential 

decay curves with different peak intensities. The parameters (Ű1, Ű2, Ű3, Ŭ1, Ŭ2, SNR) of y1, y2, 

and y3 are (0.1, 0.9, 1.8, 0.2, 0.3, 26), (0.2, 1.1, 1.9, 0.4, 0.2, 38), and (0.3, 1.2, 2.0, 0.6, 0.2, 

44), respectively. The dashed line represents the Gaussian IRF. 

Fig. 3.1 (a) shows the synthetic and experimental IRF profiles for our FLIM system. The 

tail in the experimental IRF has a very low intensity and therefore can be neglected. Fig. 

3.1 (b) and (c) show the synthetic bi- and tri-exponential decays with variant SNRs. 

3.3 Algorithm Development 

3.3.1 Neural Network Design 
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Fig. 3.2. The architecture of the proposed pixel-wise DL algorithm for bi-exponential 

analysis. The detailed hyperparameters in each layer in parenthesis represent the neuron 

number, the kernel size, and the stride size, respectively. The input data is an NĬ256Ĭ1 time 

series, where N is an arbitrary integer. The outputs are three NĬ1 arrays. The dotted box 

shows the architecture of the ResNet block. 

This section presents a 1D CNN-based pixel-wise DL algorithm. The ñpixel-wiseò denotes 

that the algorithm processes each independent pixel instead of the whole image. Fig. 3.2 shows 

the neural network architecture of the proposed pixel-wise DL algorithm. For simplification, 

we use CNN to indicate the pixel-wise DL algorithm hereafter. The neural network is 

composed of 1D convolutional blocks. In each block, a 1D convolution layer, a batch 

normalization (BN) layer, and a nonlinear activation layer are connected in sequence. The 

network is specially designed for bi-exponential fluorescence decay analysis because the bi-

exponential decay model is widely used in FLIM analysis, like FLIM-FRET applications. It 

consists of two parts: the main branch for extracting the high-dimensional abstract features of 

the input decays and the sub-branches for reconstructing different parameters. For the network 

design, the first two convolutional blocks have a wider sliding window (larger kernel size) and 

a large stride, so they are expected to capture more general features of the decay curves. Two 

residual neural networks (ResNet) follow the convolutional blocks, through which the 

extracted features are learned using residual learning. A ResNet is a network connection that 

adds a shortcut to reinject the past output to a later output [135]. It aims to tackle two common 

problems: 1) the vanishing gradients and 2) representational bottlenecks during network 

training. Three output branches are designated for extracting three different lifetime 

parameters for bi-exponential decays (the short lifetime Ű1, the long lifetime Ű2, and the fraction 

ratio Ŭ), which are composed of three 1D CNN layers with pointwise convolution (kernel size 

= 1) and a decreasing neuron size. Pointwise convolution is used to implement feature pooling, 

thus effectively reconstructing the lifetime parameters in the final outputs. The rectified linear 

units (ReLU) function is used in nonlinear activation layers. The hyperparameters of the 

network such as the feature size, convolution kernel, and stride of convolutional layers, were 

optimized using the exhaustive searching method, labeled in Fig. 3.2 in detail [142]. 
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3.3.2 Neural Network training 

The proposed neural network was developed using the Pytorch library in Python 3.8. The loss 

function of our designed neural network L is: 

ὒɡ
ρ

ὔ
Ὄ ὣȟɡ ὣ ȟ σȢτ 

where H is the jth (j=1, é, M) end-to-end mapping function and M is the number of the output 

branches (M = 3 for bi-exponential decays). Y is the input signal and ὣ is the corresponding 

ground-truth target of the jth output branch. N is the batch size number, and  ᷊is the 

hyperparameter of the network. The optimizer used the RMSprop algorithm with a learning 

rate of 1e-5. The batch size is 128, and the training epoch is 500. An early stopping 

regularization with 25 patient epochs (5% of total epochs) is applied to avoid overfitting. 

3.3.3 The Advantages of Pixel-wise DL algorithm for FLIM analysis 

Apart from the advantages of fast speed, easy implementation, and low resource consumption 

mentioned above, the pixel-wise DL algorithm is more flexible for analyzing fluorescence 

images. Unlike higher dimensional neural networks that need to process whole images 

simultaneously, 1D CNN can sort valid pixels by setting a threshold or regions of interest. 

Meanwhile, multiple parallel series processing capabilities of 1D CNNs allow arbitrary pixels 

to be processed simultaneously. Therefore, the 1D CNN has a better calculation efficiency, 

especially for FLIM images containing a large background area with no useful information.  
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Fig. 3.3. Workflow of 1D-ConvResNet for calculating 2D FLIM images obtained from a 

sensor. The data readout of the sensor follows the pipeline principle. The raw output data 

flow is arranged pixel-by-pixel and frame-by-frame. Pi refers to the pixel in the sensor. 1D 

CNN can directly work as an embedded processor to process the data. 

In addition, the data readout of sensors such as PMTs and SPADs in FLIM systems usually 

follows a pipeline principle, i.e. the measured raw data is sorted pixel-by-pixel and frame-by-

frame. 1D CNNs can directly process the output data without extra data conversion. Fig.3.3 

shows the image processing procedure. The embedded CNN processor can focus on the pixels 

with an intensity above the threshold. Those below the threshold are considered background 

pixels, and their lifetimes are ignored.  
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3.4 Algorithm Evaluation 

 

Fig. 3.4. The mean absolute error (MAE) of the training and validation for Ű1, Ű2, and Ŭ using 

training Datasets A (a) and B (e). The corresponding MAE of predicted results for the three 

parameters when the network is trained by the Datasets A ((b)-(d)) and B((f)-(h)). 

Two sample datasets, Datasets A and B were generated for network training. Both datasets 

contain 40,000 decay samples, in which 20% of the samples were used as the validation subset. 

In Dataset A, Ű1 ~ U[0.1, 1] ns and Ű2 ~ U[1, 3] ns. In Dataset B, Ű1 has a relatively narrower 

range as Ű1 ~U[0.1, 0.5] ns, whereas Ű2 remains unchanged. The SNR of the training datasets 

follows a uniform distribution as SNR ~ U[26,44] dB, covering a wider range of noise levels. 

Here SNR (dB) = 20log(SNR). Fig. 3.4 (a) and (b) show the mean square error (MSE) loss of 

the training and validation data changing with the training epochs for Datasets A and B, 
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respectively. All three parameters converged at a very low loss level. Compared with Fig. 3.4 

(a) and (b), the loss of Ű1 is relatively large if a dataset with a wider lifetime range trains it. As 

a result, the predictions of Ű1 would have a large deviation. Fig. 3.4 (c) shows the boxplot of 

the mean average error (MAE) of the predicted results of the testing datasets using the trained 

network as shown in Fig. 3.4 (a). The testing dataset contains four datasets of samples with 

SNR ranging from 26 to 44 dB. Each dataset contains 4000 new decay curves. The lifetime 

range was kept the same as the training dataset. In Fig. 3.4 (c), the mean MAEs of all three 

lifetime parameters tend to decrease significantly as SNR increases, indicating more precise 

results. A noisier dataset (with a smaller SNR) has wider error distributions. 

One approach is to narrow the lifetime range of interest to improve the lifetime extraction 

precision. It is applicable if we have prior knowledge of the lifetime distribution. As 

demonstrated in Fig. 3.4 (d), when Ű1 is restricted to 0.1~0.5 ns, the median MAE of Ű1 and the 

corresponding error distribution range have much smaller values than Fig. 3.4 (c). Meanwhile, 

the MAE distributions for Ű2 and Ŭ are also confined within a smaller range for the datasets 

with the SNR from 26 to 44dB. Further decreasing the lifetime ranges for Ű1 and Ű2 can obtain 

a lower MAE, showing that a narrower resolvable lifetime range could lead to higher 

prediction precision for all three parameters. For a better comparison, the lifetime parameters 

of testing datasets in Fig. 3.4 (c) and (d) were also resolved using LSF. LSF is based on the 

Trust Region Reflective algorithm to solve a bound-constrained optimization problem 

(lsqcurvefit in MATLAB). The constrained bounds for Ű1, Ű2, and Ŭ were set the same with their 

ranges in the training datasets. Figs. 3.4 (e) and (f) show the corresponding results for the 

testing datasets in Fig. 3.4 (c) and (d), respectively. In the whole SNR range, the performance 

of LSF is much worse than that of CNN. The performance of CNN for all lifetime parameters 

is enhanced as the SNR increases. However, the performance of LSF has no significant change 

when SNR varies from 35 to 44 dB. This further demonstrates the robustness and accuracy of 

CNN. It is worth noting that the proposed neural network has an outstanding ability to resolve 

the factional ratio Ŭ for a wide lifetime range. Ŭ plays an important role in evaluating the energy 
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transfer efficiency in FERT applications. In contrast, traditional LSF or dense neural networks 

usually fail to extract this parameter [130].  

 

Fig. 3.5. (a) MSE loss of the training and validation for Ű1, Ű2, and Ŭ using the training dataset 

with Ű1 and Ű2 in the range of 0.1~ 0.5 and 1~3 ns. (b) Predicted results using the test dataset 

for Ű1, Ű2, and Ŭ, respectively. The lifetime parameters are Ű1 ~U[0.1, 0.5] ns, Ű2 ~U[1, 3] ns, 

and Ŭ~U[0, 1]. 

For the CNN algorithm, no deconvolution is needed because the effect of the IRF on lifetime 

estimations is automatically considered. Although only one IRF is considered in the training 

data, the CNN algorithm shows a robust performance for IRF with a wide range of FWHM. 

Fig. 3.5 further investigates how the FWHM of the IRF affects the training and prediction of 

the neural network. A new dataset was generated with the same parameters as Dataset B. But 

the FWHM of the convolved IRF in each decay sample was randomly selected from 100~300 

ps. This FWHM range is typical in most laboratory FLIM systems. In Fig. 3.5 (a), the MAE 

curves of all three parameters converge at slightly higher values than those in Fig. 3.4. But the 

predicted results for test datasets are nearly the same as Fig. 3.4. It shows that our algorithm 

is robust for varied IRFs. 
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Fig. 3.6. The mean and deviation of MAE for Ű1 (a)-(c) and Ű2 (d)-(f) under different 

conditions. SNR = 26, 36, and 40 dB; Ŭ takes the values of 0.1,0.5, and 0.9. In the analysis, 

Ű2 is fixed at 2.5 ns in (a) ï (c), and Ű1 is fixed at 0.3 ns in (d) ï (f). The dashed areas denote 

the lifetime ranges of training data. In each subplot, the mean and standard deviations of the 

MAE of 50 random-generated decays are represented by a dashed line and shaded area, 

respectively. 

The quantitative analysis of the MAE for Ű1 and Ű2 under different conditions was carried out 

to understand further the CNN algorithm's lifetime resolving capability. The neural network 

was trained using Dataset B. The new testing data have wider lifetime ranges with Ű1 and Ű2 in 

the range of 0.1-1ns and 1-4 ns, respectively, to investigate the lifetime resolving performance 

beyond the scope of the training data. Fig. 3.6 shows the results for SNR ranging from 20 to 

44dB and Ŭ ranging from 0.1 to 0.9. For both Ű1 and Ű2, MAE has larger mean and standard 

deviation values for a smaller SNR, which agrees with the previous analysis. The resolving 

capability of the neural network highly depends on the training data. The neural network has 

a homogeneous resolving capability for the lifetimes within the range of the training data. 

However, the MAE of predicted results increases linearly when the lifetime exceeds the range 
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of train data. Therefore, the resolving capability of the neural network is tunable according to 

the chosen training data. Also, Ŭ can affect the predicted results of Ű1 and Ű2. When one lifetime 

component has a predominant weight (for example, Ŭ ~ 1 for Ű1), it has better precision, while 

another has poor accuracy. 

 

Fig. 3.7. The mean absolute error (MAE) of the training and validation for Ű1, Ű2, and Ŭ using 

training Datasets A (a) and B (e). The corresponding MAE of predicted results for the three 

parameters when the network is trained by the Datasets A ((b)-(d)) and B((f)-(h)). 

The pixel-wise DL algorithm can be easily modified for p-exponential decay models (p is the 

number of lifetime components) by having 2p ï 1 sub-branches without redesigning the CNN 

architecture. Fig. 3.7 shows an example for resolving a tri-exponential decay, i.e., p = 3, with 

three different lifetime components Űi (i =1, 2, 3), two independent fraction ratio Ŭi (i =1, 2), 

and Ŭ3 = 1 ï Ŭ1 ï Ŭ2. As shown in Fig. 3.7 (a), each parameter is assigned to a branch. The 
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hyperparameters of the main branch and sub-branches remain the same as in Fig. 3.2. The 

training dataset contains 40,000 different samples. The parameter ranges of the training dataset 

are: Ű1~U[0.1, 0.4], Ű2~U[0.9, 1.2], and Ű3~U[1.8, 2.2]. Ŭ1, Ŭ2, and Ŭ3 obey a uniform marginal 

distribution in the range from 0 to 1 and are subject to Ŭ1 + Ŭ2 + Ŭ3 = 1. Fig. 3.7 (b) shows the 

training and validation MAE for the five parameters. All of them are well converged at MSEs 

below 0.01 after 200 epochs. The testing results of new data with the same ranges as the 

training data are shown in Fig. 3.7 (c). Astonishingly, the v has high prediction precision for 

all parameters with SNR ranging from 26 ~ 44 dB. In contrast, in Fig.3.7 (d), LSF delivers 

poor results for all parameters, especially the Ŭ1 and Ŭ2. The performance of LSF nearly keeps 

unchanged within the whole SNR range.  

Table 3.2. Fitting Performance Comparison 

bi-exponential decay model 

Parameter Ű1 Ű2 Ŭ 

F (CNN) 35.5 5.0 79.8 

F (LSF) 82.6 19.7 640 

Precision 

Gain 
5.3 15.2 25.0 

tri-exponential decay model 

Parameter Ű1 Ű2 Ű3 Ŭ1 Ŭ2 

F (CNN) 35.1 7.5 3.7 905.5 1.75e3 

F (LSF) 403 44.3 36.3 6.7e3 4.2e3 

Precision 

Gain 
132.3 34.8 96.0 54.8 5.8 

average speed (ms/sample) 

CNN 0.12 

LSF 37.5 

Speed 

Enhancement 
å 300 

 

We further quantitatively investigate the gains of the CNN algorithm against LSF in terms of 

precision and computational speed. To systematically compare CNN and LSF, here we adopt 

the figure-of-merit (F-value) as an indicator. F-value is defined as [143]: 
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where x is a lifetime parameter (Űi or Ŭi) and ŭx is its standard deviation. F is a normalized 

value for assessing the sensitivity of a lifetime parameter determination algorithm. An ideal F 

= 1, and usually F > 1. Hence, the precision gain can be simply defined as Ὃ

Ὂ ȾὊ . Table 3.2 compares the fitting/prediction performances and calculation speeds 

of CNN and LSF for bi- and tri-exponential decay models. The F-values were obtained from 

the testing datasets for bi- and tri-exponential decay models with 40,000 samples in Figs. 3.4 

(d) and 3.7(c). It shows that our CNN significantly outperforms traditional LSF with 

compelling precision gains. Besides, CNN shows a 300-fold enhancement in the calculation 

speed under the same hardware platform (Intel i7-4790 CPU). 

Unlike 2D or 3D CNNs that usually require high-performance GPUs with a massive number 

of parallel processors or cloud computing, training the proposed 1D-ConvResNet for bi-, tri-, 

or even multi-exponential decay models can be easily performed with desktop computers. This 

is due to the highly efficient neural network architecture. Table 3.3 compares the proposed 

CNN with previously reported high-dimensional CNNs and feed-forward dense neural 

networks. The total parameters are only about 4.5% of the 3D FLINET, indicating that large 

memory and floating-point operations can be saved. The training procedure took only tens of 

minutes on a laptop with the Intel i7-4790 CPU. In contrast, higher-dimensional CNN 

architectures usually take several hours, even with GPU acceleration. Much shorter training 

time is beneficial because it ensures that CNN can be rapidly re-trained and deployed for 

different FLIM applications. 

Table 3.3. Architecture Comparison 

 1D-CNN  FLINET[3] 
DENSE 

NET[2] 

Total Parametersa 48,675 1,084,045 149,252 

Resolving multi-

exponential 

decay models? 

Yes Yes No 

Training platform CPU GPU CPU 
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Training timeb (h) 0.5 4 4 

aFor a fair comparison, the time bin is set to 256 for all three networks. 

The neuron number of the 4-layer DENSE NET is set as 256, 256, 256, 

and 4 since the authors did not show exact neuron numbers in [130]. 

bThe training processor is Intel i7-4790 CPU for our network, NVIDIA 

TITAN Xp GPU for [132], and Intel(R) Xeon(R) E31245 for [130]. 

 

3.5 Evaluation of experimental FLIM data 

The proposed 1D CNN was further employed to analyze two-photon FLIM images of 

functionalized gold nanoprobes in living cells. GNRs support shape-dependent localized 

surface plasmon resonance, leading to tunable optical properties and strong two-photon 

luminescence [144]. GNRs are efficient and stable fluorescence quenchers for organic 

fluorophores [145]. Gold nanoprobes are GNRs functionalized by fluorophore-labeled hairpin 

oligonucleotides, which have found various biomedical applications including RNA detection 

for cancer diagnosis, research of energy transfer behaviors, and recognition of analytes [146, 

147]. This study's GNRs were functionalized by Cy5-labeled thiolated single-strand DNAs 

(Cy5-ssDNA-GNRs) via ligand exchange and salt aging processes. To identify the locations 

of endocytic gold nanoprobes in living cells, FLIM images of Cy5-ssDNA-GNRs labeled 

Hek293 cells and human prostatic cancer cells were evaluated. Dr. Yu Chenôs research group 

provides the gold nanoprobes and cell samples at the department of physics, Strathclyde 

University. The gold nanoprobe synthesis and cell preparation process have been reported in 

[148]. 

3.5.1 FLIM data acquisition 

Briefly, the cells were treated with gold nanoprobes solution for incubation. Then the samples 

were washed with phosphate-buffered saline (PBS) and fixed with paraformaldehyde. The 

sample was dispersed on a glass slide after staining with 4ô-6-diamidino-2-phenylindole 

(DAPI), and then the coverslips were mounted for microscopy with a ProLong antifade 

solution. A two-photon FLIM system acquired FLIM images. It includes a confocal 
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microscope (LSM 510, Carl Zeiss, Oberkochen, Germany), a femtosecond Ti: sapphire laser 

(Chameleon, Coherent, Santa Clara, USA), and a TCSPC acquisition system (SPC-830, 

Becker & Hickl GmbH, Berlin, Germany). The laser excitation wavelength is 850 nm, and the 

laser pulse width is less than 200 fs with an 80MHz repetition rate. The bin width of the TCSPC 

is 0.039ns, and each measured histogram contains 256-time bins. The emission light was 

collected by a 60Ĭ water-immersion objective lens (N.A =1.0) with a 500-550 nm bandpass 

filter. 
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3.5.2 Result Analysis 

 

Fig. 3.8. FLIM images of Cy5-ssDNA-GNRs labeled Hek293 cells. (a) Intensity image; (b) 

phasor plot, the red line is the fitted line of the phasor pixels. A threshold with 20% of the 

maximum photon counts is set for fitting the line. A and B are the intersection points between 

the fitted line and the semicircle. Two dashed ellipses indicate two clusters; (c)-(d) the phasor 

projection cluster maps; (e)-(f) Ŭ maps and (g)-(h) Űave maps calculated by LSF and CNN. 
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The first case is the FLIM image of Cy5-ssDNA-GNRs labeled Hek293 cells. Fig. 3.8 (a) 

shows the grey-scale fluorescence intensity image. Gold nanoprobes show higher intensities 

than cell tissues due to their strong two-photon luminescence. However, it is difficult to 

precisely identify their locations solely from intensity images because the amount of gold 

nanoprobes is quite small, and the fluorescence intensities of cells have a large variance. The 

two-photon luminescence of GNR has ultra-short lifetimes of around tens of picoseconds [149]. 

The free state Cy5 has a lifetime of around 2 ns. When Cy5 is bounded in a closed hairpin 

oligonucleotide structure attached to a gold surface, Cy5 is in a quenched state. It has a short 

lifetime in the sub-nanosecond range because of the intense energy transfer between Cy5 and 

GNRs. Hence, gold nanoprobes show complex ultra-short lifetimes. Fig. 3.8 (b) shows the 

corresponding phasor plot of the FLIM image. A threshold of 100 is set to filter out low-

intensity pixels. Two clusters can be observed from the phasor plot. Cluster 1 with the most 

pixels is the major cluster located near B, showing that these pixels have longer lifetimes. 

Another cluster with a tail extending to the right bottom can also be found. The number of 

pixels in Cluster 2 is much smaller, and the lifetimes are shorter. The whole phasor pixels 

nearly show a straight-line distribution, suggesting that a bi-exponential decay model can 

analyze the FLIM image. Before conducting CNN or LSF analysis, the phasor orthogonal 

projection and cluster images of the FLIM data were calculated (see details in Appendix). 

Since there is no ground truth for experimental data, the phasor and cluster images can be a 

reference for comparing the LSF and CNN results. Fig. 3.8 (c) shows the pseudo-color image 

of the phasor projection score ɓ, in which each phasor pixel is projected on the line segment 

between A and B with ɓ being the relative distance from point B. The two points A and B are 

the intersection points between the fitted line for the pixels and semicircle. ɓ changes from 0 

to 1 as the projected position shifts from B to A. When the projected position is out of the line 

segment, ɓ is set to 0. It should be noted here that ɓ has a different meaning to Ŭ because the 

pixels in the phasor plot follow a nonlinear spatial distribution from the Fourier transform. 

Nevertheless, ɓ is sufficient to distinguish gold nanoprobes from cell tissues in Fig. 3.8 (c). 

Meanwhile, ɓ can also be used as a criterion to segment Clusters 1 and 2. Fig. 3.8 (d) shows 
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the corresponding cluster image for ɓ = 0.4; the pixels in Cluster 1 are attributed to the 

autofluorescence of the cells whereas the pixels in Cluster 2 are attributed to the endocytic 

gold nanoprobes. Figs 3.8 (e)-(f) and (g)-(h) show the calculated Ŭ maps and amplitude-

weighted average lifetime (Űave) maps using LSF and CNN, respectively. The intensity 

threshold is 100 photon counts. Since the pixels of nanoprobes should have a larger Ŭ value, 

the red pixels in Figs 3.8 (e) and (f) indicate the locations of gold nanoprobes. Compared with 

the results in Fig. 3.8 (d), both LSF and CNN can obtain similar conclusions about the locations 

of gold nanoprobes in the phasor cluster analysis. However, the Ŭ map calculated by CNN can 

more accurately identify gold nanoprobes, whereas LSF-estimated images are noisier due to a 

larger deviation range. It becomes worse for LSF to resolve Űave. Fig. 3.8 (g) shows the Űave map 

calculated by LSF; the blue pixels with shorter lifetimes indicate the locations of gold 

nanoprobes. It is difficult to identify gold nanoprobes from Fig. 3.8 (g), suggesting that LSF 

performs worse in resolving Űave. In contrast, CNN-estimated Űave and Ŭ maps agree with the 

phasor cluster analysis, more accurately locating gold nanoprobes. 
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Fig. 3.9. FLIM images of a single human prostatic cancer cell with endocytic Cy5-ssDNA-

GNRs. (a) Intensity image; (b) phasor plot. (c)-(d) phasor projection and cluster maps; white 

pixels mean that Ŭ is beyond [0, 1]; (e)-(f) Ŭ maps and (g)-(h) Űave maps obtained by LSF and 

CNN. 

The second case shown in Fig. 3.9 is the FLIM image of a single human prostatic cancer cell 

with endocytic Cy5-ssDNA-GNRs. Different from Hek293 cells in Fig. 3.8, the average 
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intensity is much lower and there are abundant endocytic gold nanoprobes. The intensities of 

gold nanoprobes are generally higher than 1000 similar to the first case. In contrast, only a few 

hundred average photon counts were collected from the cell in the second case. Fig. 3.9 (b) 

shows the corresponding phasor plot. The threshold is set to 100 counts. The pixel number in 

Cluster 2 shows a significant increase, attributed to an increased number of endocytic gold 

nanoprobes. Besides, the pixel distribution spreads to a broader range in Cluster 1 due to a low 

SNR level. Again, Fig. 3.9 (c) and (d) show the phasor projection and cluster maps, 

respectively. ɓ is set to 0.4 to segment the two clusters. The LSF- and CNN-estimated Ŭ maps 

are shown in Fig. 3.9 (e) and (f), respectively. However, LSF fails to find converged 

estimations in many pixels (white pixel areas) in Fig. 3.9 (e). Such pixels correspond to the 

area with high concentrated GNRs and have ultra-short decays, leading to divergent solutions 

in the deconvolution procedure. The LSF -estimated Űave map shown in Fig. 3.9 (g) also fails 

to identify gold nanoprobes robustly. Instead, CNN provides a clearer Űave map in Fig. 3.9 (h), 

more accurately identifying gold nanoprobes. The autofluorescence background in the cell was 

also resolved compared with Fig. 3.9 (g). It is shown that CNN is more robust under low-count 

conditions. 

3.6 Conclusion 

In this chapter, we propose the 1D-CNN algorithm for FLIM data analysis. The design, 

training, and quantitative evaluation are presented in detail. The 1D-CNN algorithm has 

unparallel advantages including less architectural complexity, hardware-friendly, fast training, 

and fast calculation speed. Our algorithm can be easily trained using synthetic FLIM data for 

different lifetime ranges. The study shows the feasibility of our proposed CNN for fast 

calculating the FLIM image with high accuracy. The analysis of simulated FLIM data shows 

1D-CNN algorithm has superior performance on FLIM images with a large range of intensity 

levels. The trained algorithm is then applied to analyze the experimental data of two-photon 

FLIM images of functionalized gold nanoprobes in hek293 and human prostate cancer cells. 

The results confirm the outstanding performance and robustness of our proposed algorithm. In 
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a later chapter, the 1D-CNN algorithm will be further optimized using quantized neural 

network architecture and implemented on FPGA to accelerate the speed for fast FLIM analysis.  
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Chapter 4  

Deep Learning for Improving Spatial Resolution 

of Fluorescence Lifetime Imaging 

 

 

 

4.1 Introduction 

This chapter presents the development of the DL algorithm to obtain HR fluorescence lifetime 

images from LR images acquired from FLIM systems. Chapter 3 demonstrated that the pixel-

wise DL algorithm can fast and accurately estimate fluorescence lifetimes. This chapter further 

extends the DL's functionality to improve the spatial resolution of FLIM, thus directly 

obtaining HR images from LR 3D FLIM data. It is a great challenge to acquire HR images 

rapidly in current FLIM systems. Chapter 2 introduces two different instrumental 

configurations for obtaining FLIM images: laser scanning microscopy (LSM) and wide-field 

illumination microscopy (WFIM) [51]. LSM FLIM systems acquire images by scanning the 

focal point across samples. Obtaining HR images requires a minimized focal point and a 

smaller scanning step, leading to a long acquisition, photobleaching fluorophores, and causing 

phototoxicity. On the other side, WFIM systems adopt a parallel light field to excite samples, 

offering a higher frame rate and causing less damage to samples. However, WFLIMôs spatial 

resolution is poor, and images are easily contaminated by out-of-focus surrounding light. 

Besides, there is a trade-off between the spatial and temporal resolutions due to the crosstalk 

[150].  

New sensor and microscopy technologies have been introduced to improve FLIM systemsô 

performances, including short-deadtime high-throughput single-photon sensors and multifocal 
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scanning systems [62, 151]. This chapter proposed an alternative computational strategy using 

DL techniques to rapidly obtain HR FLIM images from raw image data without modifying the 

system configuration. Our method combines DL-based fluorescence lifetime determination 

and single image resolution enhancement (DL-SIRE) techniques. DL techniques provide a 

new approach to delivering fast analysis with different models [132, 152, 153]. They have 

achieved unprecedented accuracy and fast speed. óSIREô refers to reconstructing a single HR 

image directly from its LR counterpart. It is a notoriously ill-posed problem because an infinite 

number of HR images correspond to a given LR image. It should be noted that óSIREô often 

refers to óSingle Image Super resolutionô (SISR) in the computer vision community [154, 155]. 

However, super-resolution usually means achieving spatial resolution beyond the diffraction 

limit in biomedical and microscopy communities. We used óSIREô to avoid confusion instead 

of óSISRô. DLôs powerful hierarchical representation learning ability allows DL-SIRE to 

reconstruct state-of-the-art HR images by learning a single imageôs intrinsic and high-level 

statistical features. DL-SIRE has been widely used in face recognition, remote sensing, and 

video surveillance [156, 157]. It has become a research trend in improving the spatial 

resolution of optical and fluorescence microscopes [113, 114, 158-160]. However, to our 

knowledge, DL-SIRE has not yet been used in FLIM systems, and there are two main 

challenges. First, there is a lack of massive FLIM data for training neural networks. Unlike 

natural images, FLIM images are three-dimensional (spatial and temporal) data. Acquiring a 

large number of FLIM images is labor-intensive and time-consuming. Second, acquiring high-

resolution FLIM imaging takes much longer as it requires collecting enough photons and 

maintaining the resolution. 

The main contributions to addressing the above challenges include:  

1. We proposed a method to generate a large-scale semi-synthetic FLIM dataset for 

training neural networks. The samples in the FLIM dataset include distinct 

morphological characteristics of subcellular structures and organelles and complex 

decays with a wide range of fluorescence lifetimes. 
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2. A hybrid neural network architecture, SRI-FLIMnet, was proposed to map 3D LR 

FLIM data to corresponding HR images. SRI-FLIMnet serves two purposes: A) to 

directly map a decay histogram to its corresponding lifetime without iterative 

optimization processes and B) to nonlinearly transform LR FLIM to HR FLIM 

images. LR images can be fast obtained through both LSM and WFIM FLIM systems. 

SRI-FLIMnet was evaluated using semi-synthetic FLIM images and validated with 

experimental FLIM data. Results confirm SRI-FLIMnetôs superiority in 

reconstructing HR images. SRI-FLIMnet is expected to fast capture HR FLIM 

images and find potential applications in high-throughput and real-time FLIM 

systems. 

4.2 Semi-synthetic training dataset preparation 

Deep learning techniques are data-driven approaches. A large amount of suitable training data 

is necessary for developing a robust DL algorithm. However, for DL tasks in microscopy, there 

are limited datasets. Unlike open-source natural image datasets used for DL computer vision 

applications such as CIFAR-10, MS COCO, and DIV2K [161], most previously reported 

studies only considered specific tissues or cells, consisting of dozens to hundreds of samples 

for network training [113, 114, 158-160]. It should apply data argumentation techniques to 

increase the training data to train the network [162]. In addition, it is challenging to generalize 

previously reported DL algorithms for general applications. The lack of training datasets 

severely handicaps the development of DL FLIM techniques. Considering that FLIM data 

possess many spatial and temporal features, traditional data argumentation techniques cannot 

achieve desirable performance. One effective method to circumvent this difficulty is to 

generate model-based synthetic data to train networks. Data synthesis is a mature and widely 

used method to approximate realistic data and serve network training purposes. It has been 

successfully applied to many DL tasks, including light detection and ranging (LiDAR), 

fluorescence lifetime estimation, and super-resolution microscopy [132, 152, 159]. This 

section proposed a theoretical framework to obtain massive semi-synthetic FLIM data. The 
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forward TCSPC model was first developed to describe the time-stamped photon detection 

process. Then semi-synthetic FLIM images were generated by converting 

immunofluorescence intensity images from the Human Protein Atlas (HPA) dataset to 3D 

FLIM data using the TCSPC model. In addition, the degrading model between HR and LR 

images was also developed to obtain LR-HR training pairs. We will demonstrate that semi-

synthetic data can be used for neural network training and successfully applied to different 

experimental data. 

4.2.1 TCSPC model 

In TCSPC, a train of laser pulses excites the sample periodically. In each cycle, at most one 

photon is detected by a single-photon detector to avoid the pile-up effect. According to the 

photon counting theory, a non-homogeneous Poisson process govern such a process[163]. For 

a pixel (i, j) in an MĬMĬL FLIM image, the rate function ‗ȟ can be expressed as: 

ʇȟ ὃȟẗὍ2&ὸᶻ ɻὩ Ⱦ ‭ȟװװװὭȟὮɴ ρȟὓȟὸɴ ρȟὒȟ τȢρ 

where M is the length of spatial dimension and L is the number of recorded time bins. ὃȟ is 

the detected fluorescence amplitude at pixel (i, j), which relates to the emitted fluorescence 

intensity and the detectorôs quantum efficiency; IRF(t) is the instrument response function; 

‌  is the fraction ratio of the lifetime component † , and D is the number of lifetime 

components. The asterisk * denotes the convolution operator. An additional term צ represents 

added noise from surrounding light and the sensorôs dark count noise. We assume fluorescence 

signals are collected at the focal plane for simplicity without considering the spatial blur 

function. After S cycles, the detected photon number at pixel (i, j) follows a Poisson 

distribution: 

ὔȟḐὖέὭίίέὲὛ ʇȟὸὨὸȢ τȢς 
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The N photon arriving times denoted by ὸȟὲᶰρȟὔȟ  at pixel (i, j) are independent and 

identically distributed random variables with the probability-density function described as: 

Ὢȟὸ
ʇȟὸ

᷿ʇȟὸὨὸ
Ȣ τȢσ 

Eqs. (4.1) - (4.3) define the TCSPC forward model. Given the decay model and lifetime 

parameters, we can simulate the recorded timestamps of the first N arrival photons using the 

acceptance-rejection method. As low noise sensors have been used, Poisson noise is dominant 

in modern TCSPC measurements. We have compared synthetic and measured decays (analysis 

not included), showing that the TCSPC model can precisely describe fluorescence decays with 

arbitrary SNR levels. 

It should be noted that in Chapter 3, we use the additive noise model and Monte Carlo 

simulation to generate training datasets. This method can generate massive FLIM data fast and 

efficiently. However, the additive noise model is an approximate method, which is only 

suitable for high photon conditions. Due to the discrete nature of photons and the random 

feature of noise, this method cannot simulate a decay histogram with given photon counts. In 

contrast, the TCSPC model is more precise. It can simulate fluorescence decay with any given 

photon count. But it also has disadvantages. The TCSPC model simulates every photonôs 

statistical behavior, making it more computation-intensive and time-consuming. 
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4.2.2 Semi-synthetic FLIM images 

 

Fig. 4.1. Original intensity images in the HPA dataset and the semi-synthetic FLIM data. The 

1st column is the RGB intensity images of three samples. Their corresponding four color-

channel images are shown in the 2nd column; each organelle is labeled by one color. The 3rd 

and 4th columns show the synthetic 3D FLIM data cloud and lifetime images. In 3D point 

plots (3rd column), the dark blue to bright yellow point color indicates a high to low photon 

density. 

The HPA dataset provides a comprehensive subcellular map of human proteomes in cells, 

tissues, and organs [164]. It contains more than 80,000 cellular images with a large 

morphological diversity obtained by confocal immunofluorescence microscopy systems. The 

images in HPA dataset cover a wide range of cellular morphologies. We used the HPA image 

classification dataset, including more than 30,000 samples with 27 different cell types [165]. 

Each sample contains four color channels, and each color channel contains one cellular 

organelle. The blue, red, yellow, and green channels contain nuclei, microtubules, endoplasmic 

reticulums, and proteins (such as endosomes, lysosomes, or mitochondria). Fig. 4.1 shows 

some original image samples in the HPA dataset and generated 3D FLIM data. The 1st column 

shows RGB images of three different samples, and the 2nd column shows their corresponding 

color-channel images. We can see that the cellular images contain more statistical features, 
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including more refined details, complex spatial variations, and more sophisticated correlations 

than open-access natural images (mostly used by computer vision communities for DL 

training). Currently, there are no open-access FLIM datasets for developing DL-enhanced 

analysis tools. To generate FLIM data with complex decay features and various cellular 

morphologies, The samples in HPA datasets are converted to semi-synthetic FLIM data. The 

pixel values of intensity images are converted to time-stamped photon counts using the 

forward TCSPC model in Eqs. (4.1)-(4.3). The pixel values from 0 to 255 were linearly scaled 

from 0 to 5100. The photon count range corresponds to the typical intensity range in practical 

experiments and offers a sufficient SNR for accurate lifetime estimations. Instead of restricting 

to specified fluorophore lifetimes, each color channel was randomly assigned a single lifetime 

from 0.5 to 5.5 ns to include more general cases. The semi-synthetic FLIM data were obtained 

by combining all the considered color channels. Since different color channels have diverse 

intensities and spatial overlaps, each pixel naturally shows complex decays with different 

lifetime components in semi-synthetic FLIM images. Meanwhile, they also have a variety of 

shapes. The total photon count in a pixel of a FLIM image remains the same as the intensity 

image, while the temporal photon distribution follows an exponential decay with given 

lifetime parameters. In simulations, M = L = 256, D = 1, and the total recorded time is 10 ns. 

The IRF is modeled by a Gaussian distribution with a Full Width at Half Maximum (FWHM) 

= 167.3 ps. It matches the two-photon FLIM system we used for experiments (see details in 

Section 4.5). The added noise can be reasonably neglected because Poisson noise dominates 

in TCSPC measurements. Additionally, in FLIM analysis, a lower threshold is usually set to 

exclude pixels with low photon counts. The 3rd and 4th columns of Fig. 4.1 show the generated 

data cloud and the corresponding fluorescence lifetime images calculated by the least-square 

fitting method, respectively. Each point corresponds to a detected photonôs spatial and 

temporal positions in the data cloud. FLIM images have lower contrast than RGB-intensity 

images in revealing cell structures. Many delicate structures are blurred or even disappear, and 

this is because fluorescence lifetime is independent of the intensity variation. FLIM data with 

only one, two, or three decay components are also generated to ensure diversity. The dataset 
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contains 30,000 FLIM samples for training purposes, providing sufficient data for network 

training. 

4.2.3 Degrading model 

An accurate degrading model for correctly developing LR-HR image pairs is crucial for DL-

SIREôs performance. For general DL-SIRE frameworks, the degrading model is[155]: 

Ὅ Ὀ Ὅ ὑz ʀȟ τȢτ 

where ILR and IHR denote the LR and HR images, respectively, K denotes the blurring kernel, 

and Dk is the down-sampling operator with a scaling ratio of k. ‐ is added noise. The bicubic 

interpolation is usually applied in typical computer vision tasks as the degrading model [154]. 

The Gaussian blurring kernel is widely used in super-resolution microscopy tasks [113, 158]. 

However, the situation is different in FLIM systems. In LSM FLIM systems, LR images are 

measured using coarser scanning steps. Therefore, the LR image, ILR with the scaling ratio k, 

is obtained by summing a patch of kĬk pixels in the corresponding HR image, IHR. It also 

applies to WFIM-FLIM systems, where a low-resolution wide-field camera like a SPAD array 

is used[166]. LR images are equivalent to spatially pixel-binned HR images. Thus, the 

degrading operation can be described as a three-dimensional convolutional layer, and the 

degrading model is expressed as: 

Ὅ άȟάȟὒ ρ ṧ ȟȟ Ὅ ὓȟὓȟὒȟ τȢυ 

where ρ   denotes kĬkĬ1 matrix with all one elements, ṧ ȟȟ  is the three-

dimensional cross-correlation operator with the stride s = ὯȟὯȟρ  along the spatial and 

temporal dimensions. The size of ILR is mĬmĬL with m = mod (M, k). For simplification, the 

intensity changes in LR pixels are not considered because the fluorescence lifetime is 

independent of the intensity, given the SNR is large enough. Eq. (4.5) reveals that in LR images, 

low- and high-frequency information is lost through spatial pixel binning. Meanwhile, the 

temporal information among neighboring pixels fuses, resulting in information loss and a shift 

in the lifetime distribution. Achieving HR FLIM is more challenging compared to other 
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situations. In semi-synthetic FLIM data processing, when applying Eq. (4.5) to HR images, a 

threshold of 100 photon counts was set for each color channel image to exclude low-intensity 

pixels. 

4.3 Network design and training 

4.3.1 Network architecture 

 

Fig. 4.2. Network architecture of the proposed SRI-FLIMnet with a scaling ratio k = 4. SRI-

FLIMnet contains two subnets, Ű-Net, and SRI-Net, responsible for lifetime evaluation and 

nonlinear transformation for improving spatial resolution. The parameters of convolutional 

layers are labeled in the parentheses as (feature number, kernel size, and stride). SRI-Net 

contains eight residual dense blocks (RDB) with hybrid dilated convolution. In each RDB, 

eight 2D convolutional layers with a kernel size of 3 and a stride of 1 are densely connected. 

Both the input feature number and growth rate are 64. In the Up-Scaling part of SRI-Net, the 

parameters are (1024, 3, 1) for both convolutional layers. The input data of SRI-FLIMnet is 

64Ĭ64Ĭ256, and the final output data size is 256Ĭ256. 

It has been a great challenge to simultaneously process the spatial and temporal features of 

FLIM data. One intuitionistic approach is to design a three-dimensional neural network 

architecture to map 3D FLIM data to HR images. However, the spatial and temporal 

information could interfere, leading to difficulty in network training. It would also cause an 

enormous computation burden and a prolonged inference speed. Our proposed SRI-FLIMnet 

adopts a temporal and spatial decoupling approach to address this problem. The SRI-FLIMnet, 

as shown in Fig. 4.2, uses a hybrid network architecture composed of two sub-nets: Ű-Net and 

SRI-Net. The former aims to estimate fluorescence lifetimes, whereas the latter is to produce 
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spatial-resolution improved lifetime images so that the crosstalk between spatial and temporal 

dimensions can be eliminated. Ű-Net uses a simplified 1DCNN neural network to calculate 

pixel-wise fluorescence lifetimes. As demonstrated in Chapter 3, 1DCNN is efficient and 

hardware-friendly, suitable for fast analysis, and can accurately analyze single- and multi-

exponential decay models. Ű-Net contains five 1D convolutional blocks. Each block has a 

convolution layer, a batch normalization layer, and a nonlinear activation layer (ReLU). The 

hyperparameters of all layers in Ű-Net are annotated in Fig. 4.2. We adopt the residual dense 

network (RDN) with hybrid dilated convolution as the backbone for SRI-Net[167]. RDN can 

fully exploit local and global hierarchical features from LR images. It consists of four parts, 

the shallow feature extraction (SFE) layers, residual dense blocks (RDB), global feature fusion 

(GFF) layers, and the sub-pixel convolution up-sampling (SCUS) block. SFE layers extract 

high-level features of input LR images for later network blocks. RDBs are for learning and 

fusing local features with different levels. In an RDB, eight 2D convolutional layers are 

densely connected. The input feature of the first layer is 64, and the growth rate of the feature 

number in the following layers is 64, too. A concatenation layer is put at the end of the RDB, 

followed by a residual connection across the whole block. To achieve a better performance, 

RDN requires a deeper architecture with many RDBs to obtain a large receptive field and high 

nonlinearity. The receptive field is a critical factor in the networkôs performance because it 

decides how much contextual information is used to reconstruct high-frequency components. 

However, a deeper architecture consumes more computation resources and is, therefore, 

slower in training and inference. To overcome this problem, we further improved the network 

by introducing the hybrid dilated convolution in each RDBs. The dilated convolution with 

dilation rate l is expressed as: 

Ὂᶻὑ ὴ Ὂίὑὸ

▬

ȟ τȢφ 

where Ὂȡὤ ᴼὙ  is a discrete function, ὑȡɱ ᴼὙ  is the convolution kernel with ɱ

ὶȟὶ ᷊ὤ . By inserting zeros in the convolution kernel, dilated convolutions can 

exponentially expand the receptive field without extra parameters. In each RDB, the dilation 
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rate for 8 convolutional layers is [1, 2, 5, 9, 1, 2, 5, 9]. We particularly used mixed saw-toothed 

dilation rates for different layers to expand the convolution kernels to different scales while 

avoiding the gridding effect and information loss brought by dilated convolutions[168]. The 

GFF block is for global feature fusion and global residual learning, and the final SCUS block 

up-samples images to the size of corresponding HR images. Fig. 4.2 only shows the network 

architecture for a k = 4. Note that for k = 2 and 3, there are only one 2D convolutional layer 

and one Pixel-Shuffle layer in the Up-Scaling part for obtaining the desirable data size of 

output images. The corresponding feature number of the convolutional layer is 64Ĭk2, and the 

kernel size and stride remain 3 and 1, respectively. 

4.3.2 Loss function 

For Ű-Net, the Mean-Square Error (MSE) loss or L2 norm loss is used for network training: 

ὒ †Ƕȟ†
ρ

ὔ
†Ƕ † ȟ τȢχ 

where †Ƕ is the predicted lifetime by Ű-Net and N is the batch size. As for SRI-Net, although 

the L2 loss tends to obtain a high peak signal-to-noise ratio (PSNR), the reconstructed images 

are over-smoothed and unappealing to human visual perception. L2 also inherently assumes 

that noise follows a Gaussian distribution. It is hard to conform to this condition in our study. 

Therefore, we adopted the perceptual loss to restore high-frequency contents as much as 

possible. The perceptual loss, hereafter named Lpercep, is composed of two terms, the multiscale 

structural similarity index measure (MS-SSIM) loss and L1 loss, which is expressed as[169]: 

ὒ Ὅ ȟὍ ὒ Ὅ ȟὍ ‎ὒ Ὅ ȟὍ ȟ τȢψ 

where Ὅ  denotes the reconstructed HR image by the network. LMS-SSIM is defined as: 

ὒ ρ ὰ Ὅ ȟὍ ὧίὍ ȟὍ ȟ τȢω 
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where ὰὍ ȟὍ ς‘ ‘ ὅ Ⱦ‘ ‘ ὅ   is the luminance comparison 

function with ɛ the mean of Ὅ   or Ὅ  . ὧίὍ ȟὍ ς„ „ ὅ Ⱦ„

„ ὅ  is the contrast-structure comparison function and „ is the standard deviation of 

Ὅ  and Ὅ . C1 and C2 are constants to ensure stability when the denominator is close to 0. 

Ms denotes the resolution level of SSIM. To estimate MS-SSIM, ὅ πȢπρ and ὅ πȢπσ 

Ms = 5 and ‌ ‍ πȢπττψȟπȢςψυφȟπȢσππρȟπȢςσφσȟπȢρσσσȢ  An 11Ĭ11 Gaussian sliding 

window with ů = 1.5 is used to calculate l and cs for different scales in a pixel-by-pixel manner. 

The overall LMS-SSIM is the average value of the whole image [169]. The L1 loss serves as a 

content loss to enforce the reconstructed HR images close to the ground truth HR images. ‎ = 

0.2 is a parameter to adjust the weight of L1 losses. 

4.3.3 Network training 

We implemented SRI-FLIMnet using the Pytorch library in Python 3.8 and performed network 

training and inference on a workstation containing an Intel Core i9-10900X CPU at 3.7 GHz 

and an Nvidia Quadro RTX5000 GPU card with 16G memory. The two subnets were trained 

independently. For Ű-Net, the training dataset contains 50,000 decay histograms generated 

from Eqs (4.1) ï (4.3). For each histogram, the total photon counts vary from 100 to 10,000, 

and the number of lifetime components ranges from 1 to 4, with a lifetime ranging from 0.5 to 

5.5 ns. All random variables follow uniform distributions. The optimizer is Adam with a 

learning rate of 1e-4, and the batch size is 256 [Section 2.7.2]. During the training process, an 

early stop with 20 patient epochs was added to prevent over-fitting. The total training time is 

about 5 mins for Ű-Net. For SRI-net, the semi-synthetic dataset mentioned above was used for 

training. The sizes of LR FLIM data are 128Ĭ128Ĭ256, 85Ĭ85Ĭ256, and 64Ĭ64Ĭ256 for k = 2, 

3, and 4, respectively, which are obtained using Eq. (4.5). The optimizer is Adam. The initial 

learning rate is 1e-4, dropping 0.9 times every 20 epochs. To fully use GPU memory, the batch 

sizes for the k = 2, 3, and 4 are 6, 12, and 24, respectively. The whole training epoch for 

different scaling ratios is 200, and the training time is about 400 h, 160 h, and 50 h for k = 2, 

3, and 4. Once the networks were well trained, the inference time for different scaling ratios 

typically took several seconds to map the 3D LR FLIM data to 256Ĭ256 HR images. 
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4.4 Characterization of the neural network 

 

Fig. 4.3. Fluorescence lifetime determination performance of SRI-FLIMnet. (a) Decay 

samples used for testing Ű-Net. The lifetime components for Decays 1 ï 3 are 2, 3, and 4; the 

lifetimes for Decays 1 ï 3 are [0.6, 1.5], [0.8, 2, 2.6], and [1.2, 1.8, 3.1, 4.5]; the total photon 

counts are 400, 2000, and 5000. The red dashed line represents the IRF. (b) Lifetime 

determination performance under different SNR conditions. Each group's lifetime ranges 

from 0.5 to 5.5 ns and the lifetime components randomly vary from 1 to 4. The SNR ranges 

from 20 ~ 40dB, corresponding to 100 ~ 10,000 photon counts. (c) Lifetime determination 

performance for different average lifetimes. In each group, the lifetime components 

randomly vary from 1 to 4, and SNR ranges from 20 ~ 40 dB. In (b) and (c), 2000 samples 

were considered in each group. 

After the training procedure, SRI-FLIMnet was evaluated with a new testing dataset. The 

performance of SRI-FLIMnet on lifetime determination was first quantitatively assessed. Fig. 

4.3 (a) shows three normalized decay histograms used for testing Ű-Net. The samples denoted 

as Decays 1 ï 3 have different SNR, lifetimes, and decay components. As mentioned above, 

the decay components may vary in different pixels in a FLIM image, and we do not know the 

exact number of decay components. Consequently, multi-exponential decay model analysis 

can cause model-mismatch problems and wrong interpretations. As suggested in [170], the 

amplitude-weighted average lifetime ŰA was used as a lifetime indicator, suitable for FLIM-
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FRET measurements. ŰA is defined as † В ‌† , where D is the number of lifetime 

components. Ű-Net directly predicts ŰA for input histograms. The accuracy of lifetime 

determination in terms of SNR is shown in Fig. 4.3 (b). The model-free algorithm, CMM and 

model-based LSF were also compared to SRI-FLIMnet. For LSF, the mono-exponential model 

is used for evaluating ŰA of multi-exponential decays. Because Poisson noise is the dominant 

noise source, the SNR of a decay histogram equals to Ѝὔ with N the total photon count. The 

SNR(dB) is calculated as ὛὔὙὨὄװ  ςπὰέὫЍὔ . The mean absolute error (MAE)װ

determines the analysis accuracy. Fig. 4.3 (b) indicates that Ű-Net shows the best accuracy, 

much better than traditional CMM and LSF. The median MAE of Ű-Net is 0.169 for SNR 20 ~ 

30 dB (100 ~ 1000 photon counts). As a comparison, the median MAE of LSF is 0.46 for SNR 

38 ~ 40 dB (6400 ~ 10, 000 photon counts). The accuracy of Ű-Net for low SNR is even better 

than that of LSF for high SNR. The lifetime determination performance over the whole 

dynamic lifetime range was investigated in Fig. 4.3 (c). Generally, given a fixed SNR, decays 

with larger lifetimes are nosier because photons are distributed in more time bins, resulting in 

fewer photons in a single time bin. Therefore, the accuracy is poor for decays with larger 

lifetimes. Nevertheless, Ű-Net keeps a low MAE and small changes compared to the other two 

traditional methods over the lifetime ranges. The results in Fig. 4.3 indicate Ű-Net is robust and 

accurate to calculate lifetimes. In addition, the calculation speed for Ű-Net is more than 300-

fold faster than LSF. 
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Fig. 4.4. Spatial resolution improved FL images of four samples with distinct morphology 

and lifetime distributions. The samples are denoted by S1 ï S4. The low-resolution (LR), 

bicubic interpolation, reconstructed HR by SRI-FLIMnet, and ground-truth HR (GT) FL 

images are shown in the 1st row to 4th rows, respectively. The white dashed boxes in each 

subfigure depict the regions of interest (ROIs) for further analysis. 

The performance of spatial resolution improvement for SRI-FLIMnet was further investigated. 

The testing FLIM dataset contains 1,000 samples. As an example, we evaluated reconstructed 

HR images with k = 4. In this case, suppose that the dwell time in each scanning step is fixed, 

and the image acquisition speed improves 16 times for LSM-FLIM systems. At the same time, 

LR images undergo severe degradation as much spatial and temporal information is lost. Fig. 

4.4 shows the input LR, interpolated HR, SRI-FLIMnet-reconstructed HR, and ground truth 

(GT) FLIM images of four samples chosen from the testing dataset to illustrate the results 

better. The four samples labeled S1 to S4 include different morphological features such as a 

sizeable cellular population and complex cell patterns. They also have distinct lifetime 

distributions. As shown in Fig. 4.4, the 64Ĭ64 LR images predicted by Ű-Net are shown in the 

1st row, with a poor spatial resolution and a strong mosaic pattern. Compared with the GT 
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images in the 4th row, the boundaries are unclear, and many delicate structures are missing. 

The lifetime distributions also have significant deviations. The 2nd row shows referenced 

interpolated 256Ĭ256 HR images using the bicubic interpolating method, indicating that the 

direct interpolation fails to improve the spatial resolution and introduces more artifacts. For 

example, the boundaries in all samples are severely distorted. In contrast, SRI-FLIMnet-

reconstructed HR images in the 3rd row have sharper and smoother edges. They also recover 

more refined textures compared to LR images.  

 

Fig. 4.5. Zoomed ROIs corresponding to the white dashed boxes in Fig. 3. The LR images 

lose most of the high- and low-frequency information and show strong mosaic patterns. The 

reconstructed HR images are more visually pleasing and close to the GT images than the 

interpolating method. 

Fig. 4.5 shows the zoomed-in regions of interest (ROIs) marked by white dashed boxes in Fig. 

4.4 to better illustrate the performance of SRI-FLIMnet. The results indicate that SRI-FLIMnet 

can generate shapes, boundaries, and general lifetime distributions closer to GT images from 

minimal information in LR images. SRI-FLIMnet-reconstructed images significantly 

outperform those using traditional interpolation methods. However, SRI-FLIMnet fails to 
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reconstruct pixel-level refined structures, such as gaps between cells in S1 and irregular 

boundaries in S3. In addition, it cannot recover random lifetime variations in cells. For example, 

the spotty lifetime patterns in S4 are blurred and smoothed. Therefore, SRI-FLIMnet has a 

solid ability to generate visually clear shapes and boundaries, whereas it cannot precisely 

reconstruct pixel-wise details and variations. 
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Fig. 4.6. Normalized absolute error maps (a) - (d) and lifetime distributions of the GT and 

SRI-FLIMnet reconstructed HR images (e) - (h) for S1 ï S4. The normalized absolute error 

maps have an arbitrary unit. 

The precision of SRI-FLIMnet-reconstructed HR images was also evaluated. Fig. 4.6 shows 

absolute error maps (Fig. 4.6(a) ï (d)) and lifetime distribution histograms (Fig. 4.6 (e) ï (h)) 

of S1 ï S4 shown in Fig 4.4. The absolute error maps are the differences between reconstructed 

images and GT images. Since different samples have various lifetime ranges, absolute error 

maps are normalized to 0 ~ 1 for a better comparison. Interestingly, as shown in Fig. 4.6 (a) to 

(d), the largest errors always occur at outer boundaries for all four samples, where the spatial 

differentiation reaches its maximum value. The spatial differentiation has a significant effect 

on reconstruction precision. An area with sizeable spatial differentiation tends to have an 

apparent absolute error and vice versa. Figs 4.6 (e)- (h) show lifetime distribution histograms 

of S1 ï S4, respectively. The two histograms of SRI-FLIMnet-reconstructed and GT images 

have primarily overlapped distributions for all four samples, revealing that SRI-FLIMnet can 

correctly restore the lifetime distribution in a wide dynamic range. However, there is a slight 

difference in lifetime distribution between reconstructed and GT images. The reconstructed 

images have more pixels with lifetime centering in the peak values. In addition, REC images' 

lifetime distributions are relatively narrower than corresponding GT images. 

We further evaluated SRI-FLIMnet on the whole testing dataset. Table 4.1 summarizes the 

results of k = 2, 3, and 4. Two image quality metrics, SSIM and image MAE (IMMAE), were 

used for quantitative evaluation. The SSIM quantifies how SRI-FLIMnet can reconstruct close 

LR images to corresponding GT images. In contrast, the IMMAE measures the overall 

deviation of the lifetime distribution of reconstructed images from that of GT images. The 

IMMAE for an image is calculated asȿὍ Ὅ ȿȾὓ  , where Ὅ  and Ὅ  denote the 

reconstructed and GT images, respectively. M is the length of the spatial dimension. The 

dynamic lifetime range for calculating SSIM is 0 ~ 5.5 ns. In Table 4.1, the results are the 

average values of 10,000 samples. Both metrics of SRI-FLIMnet significantly outperform 

those of bicubic interpolation algorithms for different scaling ratios. In comparison, The SSIM 

of SRI-FLIMnet is approximately twice that of the bicubic interpolation method, whereas the 
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IMMAE of SRI-FLIMnet is also much better. The results reveal that SRI-FLIMnet performs 

better in reconstructing morphologies and lifetime distributions. It is worth noting that the 

testing samples we considered have complex structures and an extensive dynamic lifetime 

range. Both metrics for SRI-FLIMnet can be further improved if we only consider specified 

cell types and narrow the lifetime range. 

Table 4.1. Quantitative Evaluation of Different 

Scaling Ratios on Testing Dataset 

Scaling 

Ratio 

(k) 

Bicubic interpolation SRI-FLIMnet 

SSIM IMMAE  SSIM IMMAE  

2 0.33 1.41 0.73 0.20 

3 0.32 1.43 0.64 0.26 

4 0.31 1.44 0.58 0.31 

GT 1 0 1 0 

 

4.5 Experimental validations 

4.5.1 Sample preparation 

We validated the trained SRI-FLIMnet using FLIM data of bacteria-infected mouse raw 

macrophage cells cultured in DMEM (Dulbeccoôs modified Eagle medium) containing 10% 

FCS (fetal calf serum), maintained with 5% CO2 in a humidified chamber at 37ÁC. Cells were 

seeded onto glass coverslips within 24-well cell culture plates. Lactobacillus and Shigella 

Sonnei bacteria were used in FLIM experiments. They were engineered to express a green 

fluorescent protein harvested at an early exponential phase. Cell cultures were infected at a 

multiplicity of infection of 100. After about one hour of infection, the wells were washed three 

times with PBS to remove extracellular bacteria. Then, cells were further incubated with 

DMEM containing 50 ɛs/mL gentamicin. The DMEM with gentamicin was removed at the 

chosen time, and cells were washed three times with antibiotic-free PBS. Cells were fixed with 

3.7% paraformaldehyde for 15 minutes and permeabilized with 0.1% Triton X-100 for 5 
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minutes after being washed three times with PBS. Cells were stained with phalloidin Alexa 

Flour 546 after being washed three times with PBS and then were covered by coverslips with 

a ProLong antifade solution for microscopic examination. 

4.5.2 Experimental data acquisition and analysis 

A two-photon FLIM system was used to obtain FLIM data. The system contains a confocal 

microscope (LSM 510, Carl Zeiss), a femtosecond Ti: sapphire laser (Chameleon, Coherent) 

with an 850 nm wavelength as the excitation source, and a TCSPC acquisition system (SPC-

830, Becker & Hickl GmbH) for time-tagging detected photons. The laser repetition rate is 

80MHz, and the laser pulse duration is less than 200 fs. The fluorescence signals were 

collected using a 63Ĭ water-immersion objective lens (N.A. = 1.0) after passing a 500-550 nm 

bandpass filter. The TCSPC resolution is 0.039 ns, and each measured histogram contains 256-

time bins. FLIM data (with a dimension of 256Ĭ256Ĭ256) were taken as ground truth HR 

images. As the scanning resolution cannot be adjusted in our FLIM system, we obtained LR 

FLIM data through pixel binning as described in Eq. (5). We used a k = 4 as an example. Fig. 

4.7 shows the results of 4 different samples denoted by S1 to S4. The peak intensities of the 

samples range from 4,000 to 16,000 photon counts, providing a sufficient SNR for determining 

lifetimes. The bacteria have a smaller lifetime of around two ns, contrasting to macrophage 

cells. Therefore, FLIM images can better identify cells infected by bacteria and localize 

bacteria. The 1st column shows LR lifetime images of the samples. The 2nd and 3rd columns 

are reconstructed HR images by bicubic interpolation and SRI-FLIMnet, respectively. The last 

column is GT images for reference. SRI-FLIMnet can generate clear boundaries, whereas 

bicubic interpolated HR images show distinct jagged artifacts. This can be observed in all 

samples. For S2, small rod-shaped bacteria structures were well recovered in reconstructed HR 

images from LR images. The boundaries between cells are difficult to distinguish in the LR 

and interpolated HR images of S4. Reconstructed HR images, however, show more explicit 

boundaries close to GT images. SRI-FLIMnet also has good performance in reconstructing 

correct lifetime distributions. The lifetime distributions of LR images shift towards a smaller 

lifetime due to the pixel binning of decay histograms among neighboring pixels. This problem 
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is resolved in reconstructed HR images, which generate similar lifetimes with GT images. 

More apparently, the outer boundaries with a higher lifetime are also recovered. These results 

demonstrate that SRI-FLIMnet can reconstruct more useful HR images from their LR 

counterparts without prior knowledge.  

 

Fig. 4.7. Spatial resolution improved images of experimental FLIM data of bacteria-infected 

mouse raw macrophage cells. The 1st to 4th columns denote four different samples denoted 

by S1 to S4. The 1st row shows the normalized intensity images of the four samples. Their FL 

images are shown in the 2nd row. The 3rd row shows the reconstructed HR images by SRI-

FLIMnet. The last row is the GT HR images for reference. 

Fig. 4.8 shows the normalized absolute error maps and lifetime distribution histograms in Fig. 

4.7. The results are similar to those in Fig. 4.6. Large discrepancy only occurs at boundaries. 

The lifetime distributions are also close to GT images. Figs 4.7 and 4.8 indicate that SRI-

FLIMnet trained by semi-synthetic datasets can be well applied to new experimental datasets. 

The semi-synthetic datasets and the proposed SRI-FLIMnet are expected to find more DL-

based FLIM applications. However, it should be noted that SRI-FLIMnet is limited to 
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recovering very fine structures (high-frequency contents) and producing smooth images. This 

can be seen from the reconstructed images of S1 to S4 in the 3rd column, in which irregular and 

rough outer edges of cells are over-smoothed. 

 

Fig. 4.8. Normalized absolute error maps (a) - (d) and lifetime distributions of the GT and 

SRI-FLIMnet reconstructed HR images (e) - (h) for experimental data S1 ï S4. The 

normalized absolute error maps have an arbitrary unit. 
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4.6 Conclusion 

In this work, we first developed a theoretical method to generate massive semi-synthetic FLIM 

data. It is challenging to use traditional FLIM experiments to image every cellular morphology 

and various fluorophores with an extensive range of lifetimes and complex decays. Therefore, 

there are no available large-scale FLIM datasets in scientific communities. Our work offers a 

feasible way to fill the gap and develop FLIM-related deep learning techniques. A degrading 

model was also proposed to obtain LR-HR image pairs with different scaling ratios, essential 

for spatial resolution enhancement tasks. We only considered a general case in the preparation 

of the training dataset. The semi-synthetic FLIM dataset can be further optimized according 

to specific tasks by considering cell types, fluorophores, SNR, and other noise sources to 

perform better. Our method is expected to significantly boost deep learning techniques for 

FLIM applications. 

In addition to the semi-synthetic FLIM data preparation, a high-efficient neural network 

architecture, SRI-FLIMnet, was designed to map LR FLIM data to HR images. Achieving HR 

for FLIM is more challenging and complicated. Since FLIM is an indirect imaging technique, 

the lifetime should be evaluated from measured decay histograms. Meanwhile, LR FLIM data 

has significant information loss in spatial and temporal dimensions. To address these issues, 

SRI-FLIMnet adopts a combined strategy to estimate lifetimes and improve spatial resolution 

for LR images sequentially. Two subnets, Ű-Net and SR-Net, are responsible for the two steps, 

respectively. This configuration is flexible to tailor the network for different situations. For 

example, it has been demonstrated that a narrower input lifetime range will provide higher 

estimation accuracy in Ű-Net [152]. If the samplesô lifetime range is known in advance, Ű-Net 

can be fast re-trained within a minute to perform better. We used the average lifetime as the 

indicator in this work, but Ű-Net can be further extended for multi-exponential decay analysis. 

The corresponding SRI-FLIMnet can improve the spatial resolution for individual lifetime 

parameters, which is useful for FLIM-FERT applications. Both semi-synthetic and 

experimental FLIM datasets were applied to show that SRI-FLIMnet can show more apparent 
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boundaries and closer lifetime distributions to GT images. However, it should be noted that 

SRI-FLIMnet cannot precisely reconstruct images at the pixel level. Theoretically, mapping 

LR to HR images is an ill-posed problem, as LR images do not contain detailed information. 

Deep learning approaches can learn statistical features but cannot fully recover all information. 

Even when we use generative models like generative adversarial networks (GANs), the 

network would only generate plausible and artificial details, which may misrepresent original 

images. Therefore, a more dedicated image sampling method should be developed to preserve 

more information to provide stronger regularizations in DL tasks. 

In summary, we propose a deep learning-based spatial resolution improved FLIM algorithm. 

The proposed SRI-FLIMnet trained by a semi-synthetic dataset shows superior performance 

in reconstructing HR images from LR 3D FLIM data. The performance is also verified by 

experimental data for bacterial-infected mouse raw macrophage cells. Our approach offers a 

practical computational method to fast obtain HR images without conducting extra 

experiments and modifying the system setting. SRI-FLIMnet has great potential for various 

FLIM-related applications. 
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Chapter 5 

Fluorescence Lifetime Imaging with A Few 

Photons 

 

 

 

5.1 Introduction 

This chapter presents a DL algorithm that robustly estimates fluorescence lifetime under 

extreme low-light conditions, where only a few photon-per-pixel (PPP) are available. The need 

for a high photon budget to accurately quantify fluorescence lifetimes has long been a 

challenge in fluorescence lifetime imaging (FLIM), which has troubled the scientific 

community for some time. Although various methods have been proposed to analyze 

fluorescence lifetime, such as curve-fitting methods, phasor method, and emerging DL 

approaches, existing algorithms can only provide reliable results with sufficient photons. For 

instance, the widely used least-square fitting method requires at least a thousand photons for 

accurate lifetime estimation [65]. Maximum likelihood estimation and Bayesian analysis 

exhibit better performance for photon-starvation scenarios with several hundred photons [69-

72], but at the cost of prolonged optimization, slow speed, and complex implementation. 

Recent advancements in DL approaches show promising results in analyzing low-light FLIM 

with several hundred photons [132, 152]. However, as the detected photons further decrease, 

all existing FLIM analysis methods become invalid. The reason is evident: Fig. 5.1 displays 

FLIM images with high and low PPP measured by TCSPC. Current analysis methods follow 

the convention of pixel-wise lifetime analysis, i.e., independently evaluating the fluorescence 

lifetime in a single pixel. If the pixel in the FLIM image has sufficient photons, the lifetime 
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can be evaluated using a specific method. However, if there are only several or dozens of 

photons in the pixel, as depicted in Fig. 5.1 (c) and (d), although the intensity image still has a 

good SNR to keep the cell morphology (shape and structure), the decay information is 

permanently lost. Thus, it is mathematically impossible to recover the fluorescence lifetime 

within the pixel. For low-intensity FLIM images, pixel binning can be applied to accumulate 

sufficient photons for lifetime estimation. But it sacrifices spatial resolution. Alternatively, 

global analysis can also be used for lifetime analysis in this case. In the global analysis, all 

photons in the FLIM image are accumulated in one histogram to estimate the fluorescence 

lifetime[171, 172]. It is not suitable for FLIM images with spatially varying lifetimes. 

 

Fig. 5.1. FLIM images with high and low PPP measured by TCSPC. (a) and (c) FLIM images 

with several thousand and only a few PPP, respectively. (b) and (d) Decay histograms of a 

randomly selected pixel in the same position in (a) and (c), respectively. 

Obtaining sufficient photons can be difficult or even impossible in many cases, which may be 

attributed to one or both factors below: 

 ̧ The available photon counts are limited. The fluorophores of interest may have a 

low concentration, undesirable quantum yield, and photosensitivity in cells. Their 
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excitation and emission wavelengths are unoptimized for the FLIM system. The low 

transfer or transporting efficiency becomes an important issue for exogenous 

fluorophores introduced by transferring fluorescent proteins and transporting 

fluorescent molecules.  

 ̧ Many FLIM measurements are strictly time-constraint. For live-cell FLIM, the 

excitation laser pulses can cause destructive effects on cell vitality and cellular 

reproduction. It can also lead to photobleaching and cell lysis. If maintaining 

biological viability and avoiding photo-perturbation become a major concern, the 

measurement time should be as short as possible, and the laser power should remain 

low. For the investigation of dynamic biomedical phenomena, the molecular 

interactions of interest may have very fast kinetics, leading to a limited measurement 

window. In addition, for the characterization of high throughput cell samples in flow 

cytometry, the samples move through the laser interrogation point fast, and the 

measurement window is also narrow due to a short dwell time. 

Despite the versatility of FLIM, its application range is largely limited by the available photons. 

In this chapter, we break the pixel-wise analysis paradigm and propose a deep learning 

approach to robustly analyze fluorescence lifetimes in extreme low-light conditions. Our 

algorithm, called Few-Photon Fluorescence Lifetime Imaging (FPFLI), takes advantage of two 

facts: 

(a) The fluorescence lifetimes are spatially correlated among neighboring pixels. 

(b) In TCSPC measurement, intensity images have a good SNR with few photons to preserve 

spatial information. 

We hypothesize that the information in the intensity image can benefit the lifetime estimation 

in a FLIM image. FPFLI adopts a hybrid deep neural network architecture. A 1D network is 

dedicated to local lifetime estimation, and a 2D network is used to fuse the local fluorescence 

lifetimes and the spatial distribution of photon intensity. Our algorithm pushes the photon 
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budget of FLIM to a recorded low level with a few photons per pixel. To our knowledge, this 

is the first low-count tool to offer such a robust performance. 

5.2 Training dataset preparation 

We adopt the framework of generating semi-synthetic FLIM datasets proposed in Chapter 4 to 

create low-count FLIM datasets for training. 

 

Fig. 5.2 Illustration of the generation of synthetic decays and semi-synthetic FLIM images. 

(a) The process of generating low-light synthetic decays. (b) The process of generating semi-

synthetic FLIM images using cell images obtained by confocal immunofluorescence 








































































































































































