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Abstract

Biological systems often have a narrow temperature range of operation, which

require highly accurate spatially resolved temperature measurements, often near

±0.1 K. However, many temperature sensors cannot meet both accuracy and

spatial distribution requirements, often because their accuracy is limited by data

fitting and temperature reconstruction models. Machine learning algorithms have

the potential to meet this need, but their usage in generating spatial distribu-

tions of temperature is severely lacking in the literature. This work presents

the first instance of using neural networks to process fluorescent images to

map the spatial distribution of temperature. Three standard network architectures

were investigated using non-spatially resolved fluorescent thermometry (simply-

connected feed-forward network) or during image or pixel identification (U-net

and convolutional neural network, CNN). Simulated fluorescent images based

on experimental data were generated based on known temperature distributions

where Gaussian white noise with a standard deviation of ±0.1 K was added.

The poor results from these standard networks motivated the creation of what is
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termed a moving CNN, with an RMSE error of ±0.23 K, where the elements

of the matrix represent the neighboring pixels. Finally, the performance of this

MCNN is investigated when trained and applied to three distinctive tempera-

ture distributions characteristic within microfluidic devices, where the fluorescent

image is simulated at either three or five different wavelengths. The results

demonstrate that having a minimum of 10
3.5 data points per temperature and

the broadest range of temperatures during training provides temperature predic-

tions nearest to the true temperatures of the images, with a minimum RMSE

of ±0.15 K. When compared to traditional curve fitting techniques, this work

demonstrates that greater accuracy when spatially mapping temperature from

fluorescent images can be achieved when using convolutional neural networks.

Keywords: Temperature Reconstruction, Fluorescent Thermometry, Machine Learning ,

Convolutional Neural Networks, Photoluminescence, Microfluidics

1 INTRODUCTION

Microfluidic devices are a leading technology in the field of biological analysis and

precision medicine [1]. They are capable of performing all of the necessary func-

tions to experiment with complex biological interactions, ultimately allowing a single

device to replace multiple pieces of larger lab equipment [2]. These “labs-on-chips”

are usually created out of silicon/glass in cleanrooms or by molding parts composed

of PDMS (polydimethylsiloxane) and contain fluid channels on the order of several

µms [3]. However, the microscopic scale of these devices also poses a significant

problem as most previous methods of observing and measuring the thermal interac-

tions on the chip are no longer feasible, lacking either spatial resolution or accuracy.

This issue is further exacerbated by recent advancements in 3D printing technology

[4] enabling more complex microfluidic devices to be created. We need to consider

how to observe and measure what is occurring inside of these devices as we enter

into this new 3D printed microfluidic paradigm, as spatial resolution and accuracy are

essential to practical and robust analyses. Because of the novelty of this field in both

fluorescence thermometry and machine learning, this introduction is broken into the

following topics to establish the state of the art in these areas:

1. Difficulties of temperature measurements in bio-microfluidics

2. Neural Network approaches to temperature analysis

3. Neural Network temperature reconstruction from fluorescent signals

1.1 Temperature Measurements

Figure 1 details the smallest temperature difference and the minimum sensing size

that can be resolved by common techniques used in microfluidics [5, 6]. NSOM

(near-field scanning optical microscopy) and SThM (scanning thermal microscopy)

can be slow and expensive techniques that only provide surface temperatures and

measures over minimal areas (e.g. a 2 µm long and 80 nm wide titanium nanowire

[7]). IR (infrared) imaging can only image the surface and does not provide sufficient
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Fig. 1 Temperature and spatial resolutions of biocompatible temperature sensors, based on data from

[5, 6]. Often the resolution of the sensor is larger than the probe size.

temperature resolution. Raman thermometry tracks subtle spectral changes result-

ing in low-temperature resolution and requires scanning the laser for hours to create

an image. Thermocouples are only useful for single-point measurements. Nanodia-

monds track shifts in fluorescence peaks from nitrogen vacancy in diamonds with

a laser and microwaves but require the use of complex instrumentation [8]. Finally,

by calibrating the spectrum at known temperatures, quantum dots or rare-earth flu-

orophores can provide spatially resolved temperature measurements with minimal

instrumentation. However, traditional curve-fitting techniques to perform these cal-

ibrations often result in temperature resolutions near 1 K in fluorescent microscopy

[9, 10] or tomography [11, 12]. Specific instances of fluorescent thermometry use

include a nanoreactor where a difference of 200 K was observed as well as spa-

tial inhomogeneities via rare-earth luminescence thermometry [13] when measuring

from the center to the edge of a 300 µm nanoreactor, but the accuracy was not pro-

vided. Additionally, 2D fluorescence thermometry with a CCD camera was able to

achieve an accuracy slightly below ±1 K, without using neural networks and only

standard curve-fitting processes [14].

Finally, one example of where a measurement accuracy lower than ±1 K is

needed is with a DNA mutation detection technique called melt curve analysis. The

temperature variation in some 96-well commercial melt curve analysis systems is as

large as 0.7°C [15]. In comparable studies of detecting a Factor V Leiden gene, the

melting or unwinding temperature Tm of the DNA for the wild type differ by 0.67 K

and the change in Tm due to a G→A mutation differ by 0.2 K [16, 17]. Therefore, flu-

orescence thermometry in its current state is insufficiently accurate to measure such

small Tm changes during melt curve analysis when used in a microfluidic device.

1.2 Neural Network Approaches to Temperature Analysis

An alternative approach to standard curve fitting is to use artificial neural networks

[18] (NNs) to analyze temperature from a fluorescent or a thermal signal. The issue

is that most of the NN literature involving fluorescence or even infrared imaging is

focused on image enhancement [19] (with a special focus with infrared [20]) or object

recognition in thermal images [21], rather than improved temperature accuracy. How-

ever, in terms of interpreting thermal data, there has been success in determining
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thermophysical properties from measurements via genetic algorithms and neural

networks (NN) [22, 23] and predicting properties of alloys from pure metals in a

database [24] or based on nanoparticle content [25].

The literature specifically on NN temperature analysis is very limited and is either

applied in one- or two-dimensions. One-dimensional studies include atmospheric

temperature profiles as functions of altitude (a feedforward neural network, FFNN,

with a root mean squared error (RMSE) between ±0.4-1 K [26] and ±1.61 K [27]),

temperature and concentration profiles of gases during a combustion reaction (multi-

layer perceptron (MLP) network with an RMSE between 1.2-8.1% [28]), and a 1D

convolutional neural network (CNN) for optical IR thermometer in molten metals

[29]. For two-dimensional studies, hyperspectral imaging (RMSE of ±1.14 K[30]),

time-of-flight for ultrasonic waves (a mean error near ±0.12 K[31]), 2D flame sur-

face and temperature by CNN [32] (with an unreported RMSE), and flame spectral

absorption images (RMSE of ±13.5K [33]) were used to determine temperature. The

hyperspectral study developed a surface temperature-deep convolutional neural net-

work (ST-DCNN) but trained it on data only at a single position rather than the full

temperature distribution of the surface [30]. For the ultrasonic wave study, a CNN

was used to solve the inverse problem and create a temperature image of the tissue

with a spatial resolution of about 0.27 mm. However, the accuracy was not validated

nor confirmed by temperature sensors. For the flame study, the spectral optical thick-

ness of a flame was calculated by measuring the absorption of a laser directed at

the flame in 1 mm steps. A U-net was used to calculate the temperature and CO2

concentration at every point in the flame spectral absorption images.

Another emerging field of study is the reconstruction of temperature fields or

velocity fields using neural networks and physical laws.[34] The primary tool of this

research has been to leverage known physics relationships using Physics Informed

Neural Networks (PINNS). These papers attempt to solve problems such as the recre-

ation of temperature fields from a limited number of temperature probes[35–37] or

the calculation of the best placement of a limited number of temperature probes[34].

While these results are promising, they all require the use of temperature probes, and

initial temperature data is unavailable in this problem.

1.3 Neural Network Approaches to Temperature Reconstruction

The most similar study to the current work we could find in the literature is the

use of neural networks reconstructing (or “calibrating”) the 2D temperature from

thermochromic liquid crystals (TLC), which was able to achieve a mean absolute

deviation and a mean standard deviation near ±0.1 K over a 4.4 K range from 291.1

to 295.5 K when using a pixel-to-pixel based simply connected feedforward net-

work (P2P-SCFFNN) [38] or ±0.1 K over a range of 8 K using a simply connected

feedforward network [39] (SCFFNN). Similar to our current work, the authors used

multi-channel images (using most commonly RGB or HSV color base) to train the

neural network and to interpret the temperature from a series of images with unknown

temperatures. However, the temperature range of TLCs is small and not as widely

applicable as fluorescence thermometry.
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In terms of temperature reconstruction from fluorescent data, studies have been

limited to zero-dimensional studies (namely temperature reconstruction at a single

point). At the time of publication, we could only find five total papers in the liter-

ature on using NNs to reconstruct temperatures from fluorescent data. These have

been limited to measurements of a single point. Four of them used SCFF trained on

features of the emitted fluorescent spectra to train the network to recreate the temper-

ature at a single illumination point [40–43]. One network that used the intensities of

multiple spectral bands resulted in the greatest accuracy, with an RMSE of ±0.3 K

or 35 mK·Hz-1/2 when considering the effect of the integration time on the measure-

ment. We will compare our current results to this previous approach in Section 3.2.

The most recent paper in this area [44] used a deep neural network (DNN) trained on

both the spectral intensity of fluorescence and the lifetime of the excited molecule to

achieve an accuracy of ±0.4 K over a 100-300 K range. However, each measurement

took several minutes because hundreds of thousands of laser pulses were needed to

create an entire lifetime curve as each pulse measured a single photon event. This

long measurement time prevents the use of this approach to quickly raster to create

an image.

The issue is that none of these studies can meet all the requirements to study spa-

tially distributed temperatures (like the microfluidic device in Figure 2) for a broad

range of applications. Despite an exhaustive search of the literature, there are no

prior papers on the specific application of NN’s to determine temperatures from flu-

orescent images. The novelty of the current research is less on the development of

new network architectures and more an investigation into the viability of existing

architectures to solve this new problem.

Fig. 2 Example of a fluorescent image with temperature-sensitive quantum dots in a microfluidic channel,

illuminated by a 532 nm laser and filtered with a 550 nm longpass filter.
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1.4 Summary of Current Problems

The current research focuses on determining the suitability of several NN structures

to reconstruct temperature from fluorescent images (like the one in Figure 2) with

high accuracy and high spatial resolution. The objective of these neural networks is

to estimate the temperature at each pixel in the image. This can be thought of as a

dense prediction or semantic image segmentation [45, 46] with a non-finite number of

temperature labels. With this idea in mind, one of our approaches will be combining

the work on the U-net [47] architecture (because of its use in classifying cells in an

image as either cancerous or non-cancerous) with spectra-based fluorescent detection

to enable a zero-dimensional analysis to be applied to two-dimensional images.

We investigated three basic network structures, SCFF, convolutional neural net-

works (CNN), and U-nets, to determine the fluorescent temperature based on a series

of synthetic multi-spectral images (Section 2) generated from experimental fluores-

cent spectra. The first (SCFF) was investigated on a pixel-to-pixel basis as a baseline

to the existing literature on fluorescent temperature reconstruction (Section 3.2). The

latter networks (CNN and U-net) were explored because they exploit spatial rela-

tionships between neighboring pixels (Sections 3 and 4). Because heat is a diffusive

phenomenon, the temperature of a pixel is related to the temperature of neighboring

pixels. The RMSE and spatial distribution of errors in temperature reconstruction for

each network will be compared.

Although this is not a standard computer vision or thermophysics problem, the

field of temperature reconstruction from optical microscopy images is a fertile field

of study. Existing network architectures SCFF, CNN, and U-Net were chosen rather

than developing new ones to provide baseline accuracy values and direction for

future research. By developing new computer vision and machine learning algo-

rithms, we can improve the temperature accuracy for fluorescent imaging by an order

of magnitude without the need to develop new measurement technologies.

2 METHOD TO CREATE SIMULATED IMAGES

FROM EXPERIMENTAL DATA

This section details the process used to create synthetic fluorescent images and their

associated temperature distributions. These images will then be used to train and test

the different NN architectures. Comparing the NN performance on synthetic data

rather than experimental data was investigated because there is currently no reli-

able dataset for a pixel-to-pixel comparison of subsurface fluorescent intensity and

temperature. By using the simulated data (that is based on temperature-dependent

fluorescent spectra from Ref [43]), we can down-select to NN architectures that can

solve this problem when full experimental data is available.

2.1 Fluorescent Spectra to Grayscale Images

The fluorescent spectra of CdSe/ZnS quantum dots as a function of temperature was

extracted from Ref [43]. The authors reported that this data was taken during illu-

mination of quantum dots by a 532 nm laser focused onto a small spot on a spider
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Fig. 3 Overview of temperature reconstruction approach. (a) Spectral bands from quantum dot fluores-

cence [43], (b) creating a grayscale intensity to represent spectral bands, (c) known temperature image

and known temperature image with noise added (called a temperature map), (d-e) created 3-channel and

5-channel images, (f) network architectures were trained and implemented, (g) reconstructed temperature

image error compared to the original noisy temperature image.

silk fiber (diameter of 30 µm), collected with an Ocean Optics spectrometer, and

measured over a temperature range of 300 K to 312 K (Figure 3a). The majority of

analyses used in our current study used temperature maps created within this range
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by fitting the fluorescent intensity vs. temperature with a 2nd order polynomial (see

Supplemental Material, Figure S1). However, there was one instance where the tem-

perature maps used to tune the hyperparameters of the CCN and U-Net structures

had this temperature range artificially expanded (through a linear extrapolation) to

290-380 K. The intensity vs. temperature was also fitted with a linear fit (see Sup-

plemental Material, Figure S2). This was done for several reasons: it is the range of

temperatures that could be experienced during polymerase chain reaction (PCR) in a

microfluidic chip [48]; it would ensure that there were no non-linearities that could

potentially cause problems during network training during the tuning process; and it

would make the ±0.1 K white Gaussian noise less impactful over a larger temper-

ature range. This expansion was deemed appropriate because it is similar to simply

increasing the integration time of the spectrometer. This is because the intensity of

the fluorescent emission has a relatively linear relationship to the intensity of the

illumination light or the integration time of the sensor. [49].

The process to create simulated images based on experimental data is provided

in Figure 3 and is described as follows. The raw spectral data were obtained from

Ref [43] and were summed over five spectral bands or channels (1-5 in Figure 3a),

each about 5 nm wide, since this bandwidth was also used in that same reference for

their NN analysis. This also represents collecting fluorescent light with a grayscale

camera where the light has been filtered with narrow bandpass filters (like those pro-

duced commercially by Alluxa) in a spinning filter wheel. To develop a series of

second-order equations to relate temperature to grayscale fluorescent intensities, the

minimum and maximum intensities of the five bands were assigned to a grayscale

value of 0 and 65,535, respectively (Figure 3b, assuming a 16-bit camera was used in

the imaging). Section S1.3 in the Supplementary materials provides further details.

These grayscale-temperature relationships could then be applied to a variety of tem-

perature distributions (Figure 3c and Figure 4) to generate multi-channel images

(Figure 3d-e).

2.2 Temperature Images

A series of three temperature distributions (“images” or “maps”, Figure 4) were

created using either analytical solutions to the steady state heat transfer equation

(∇T = 0) [50] or from modeling the heat transfer inside microfluidic chips using

COMSOL (a finite element simulation software to predict temperature distributions

for heat inputs).

The first analytical solution (Figure 4a, XvsY) represents temperature in the x-y

plane, where opposite faces of the plane are maintained at the same temperature (left

and right face at T2 and top and bottom faces at T1). The other analytical solution

(Figure 4b, RvsZ) represents temperatures in cylindrical coordinates with constant

volumetric heating and a fixed surface temperature. This is meant to represent a cross-

sectional view of the temperature inside of a cylindrical pipe, such as a microfluidic

channel. The specific equations are provided in the Supplemental Materials, where

Eq. S1 is for the XvsY temperature map and Eqs. S2-S4 are for the RvsZ map. The

final image (Figure 4c, Circles) represents the COMSOL solution for temperature

due to heating at several spots.
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Fig. 4 Temperature images: (a-b) analytical solutions (see Supplemental Material, Eqs. S1-S4), and (c)

COMSOL simulations to determine the surface temperature due to heating at several point-sources.

Each temperature image had Gaussian white noise with a standard deviation of

±0.1 K superimposed on the image. This noisy temperature map was then used with

the grayscale intensity vs. temperature fits (see Supplemental Materials Figure S1),

where an additional Gaussian white noise with a standard deviation of 0.1% of the

maximum intensity value of each channel was also superimposed on the fluorescent

images for each channel.

3 COMPARING THE RESULTS FROM DIFFERENT

NN STRUCTURES

3.1 NN Structure Overview

This section will detail the development and initial results of the architecture of each

of the three networks investigated in this work (SCFF, CNN, U-net, Figure 4). Each

architecture was implemented in MATLAB v2019a. The three network structures

were initially tuned on the same temperature image (Figure 4a) to enable a baseline

comparison of the RMSE of the different networks. Because of the randomization

during the 90:10 training/testing split, each network had a different subset of images.

The training set was not split further into a validation set since no meta learning

decisions were made during the training process [51].

For temperature image reconstruction, the 3MCNN (Section 3.3.1) and 5MCNN

(Section 4.1) architectures performed far more consistently and accurately than the

SCFF and U-net architectures, with the 5MCNN slightly outperforming the 3MCNN.

The poor performance of the U-net could be because it is a deeper network and the

amount of data present for the training was insufficient.
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Fig. 5 SCFF network structure for “3-channel” inputs (a), CNN structure (b), and U-net network structure

(c).

3.2 Single Pixel-based Networks

The first architecture implemented for this study was a SCFF network to provide an

initial baseline based on existing literature on using neural networks in fluorescent

thermometry [40–43]. However, because this type of network is not easily scalable

for image reconstruction, its performance was expected to be highly erroneous. The

SCFF network (Figure 5a) was trained with the following parameters: three input

nodes based on the intensity of the pixel in the 1, 4, and 5 Channel images (see Figure
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Fig. 6 Comparison of actual temperature images (input) to the error of the temperature (output) predicted

by the generalized SCFF network. (a) The red, blue, and green dots on the input images indicate the region

of the pixel coordinates used in network training for the RvsZ map (rotated 90°). (b & c) Results for images

based on Circles and the left half of XvsY (rotated 90°). Color bars represent temperatures and errors in K.

3d), a hyperbolic tangent activation function (tanh) for the hidden (one layer) and

output nodes, and a single output temperature node.

Furthermore, the SCFF networks used in the previous studies were intended to

predict the temperature of a single point from the emitted fluorescent spectra rather

than a full temperature image. This made the comparison between the SCFF and other

network architectures difficult since they used different input formats. To get around

this problem, two approaches were attempted: (1) vectorizing each of the 1,4,5 Chan-

nel image-layers as inputs and (2) creating a new data set by selecting individual

pixels at specific indices in each image (to mimic the single point detection of previ-

ous studies). For the first approach, computational resources were insufficient to train

the network based on the data, causing MATLAB to crash. For the second case, the

network was trained three different times on the sets of pixels taken at coordinates

(30,30), (60,100), (100,60), and (190,110) in each of the images shown in Figure 6a.

The trained networks were then run on all pixels in each image to construct the tem-

perature images, which meant the relationship deteremine from those original pixels

was extrapolated to the entire image. The RMSE results of this testing varied consid-

erably between each of these trials, ranging from an error of 33.9 K at (100, 60) to

an error of 3,206.5 K at (190, 110), which shows that this network architecture is not

generalizing well and is a poor choice for temperature reconstruction, as expected. It

was not pursued further.

3.3 Multi-Pixel-based Networks - CNN and U-net

3.3.1 CNN Training and Implementation

Four different implementations of a CNN [52] were explored in this study, and the

ways they reconstruct sub-images are presented schematically in Figure 7 (where

5MCNN is the same as 3MCNN, but with a 5 Channel input instead of a 3 Chan-

nel input). The first convolutional neural network, the Average Convolutional Neural

Network (AvCNN), was implemented with the network architecture given in Figure

5b. It was trained using a set of ten 1080x1920 pixel three-channel temperature

images (Figure 4a) divided into 9,216 sub-images of pixel size 15x15 and split 90:10
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Fig. 7 Schematic representation of sub-images of a reducing CNN (AvCNN, where the sub-images are

reduced to a single output), a traditional CNN (PtPCNN, where the sub-images are mapped pixel-to-pixel),

and a Moving CNN (3MCNN & 5MCNN, where the entire network moves in a similar fashion to a filter

being passed over images).

into training and test sets. The layer structure and other hyperparameters were repeat-

edly altered in order to iteratively refine the network to produce optimal outcomes.

The results of the hyperparameter variation, as well as the hyperparameter tuning

process, are detailed in the Section S3 of the Supplementary Material, with the result

of this CNN reported in Table 1, 1st column (AvCNN). When applied to a test set

of 3 Channel temperature image values, this network consistently predicted temper-

ature as a function of fluorescence spectra with an RMSE of ∼ ±0.33 K. However,

due to the CNN’s architecture, the temperature of each 15x15 sub-image was reduced

to a single value, so the ±0.33 K represents the RMSE of all 9,216 sub-images

instead of all the pixels in the image. This would reduce the spatial resolution of the

reconstructed image by a factor of 15 in each dimension and does not provide the

one-to-one pixel-based temperature reconstruction needed (see Figure 7, top).

To calculate the one-to-one temperature reconstruction, the CNN’s output layer

was modified to predict the temperature at each pixel in the sub-image. This network

was called the Pixel-to-Pixel Convolutional Neural Network or PtPCNN. The hyper-

parameters were then repeatedly altered in order to iteratively refine the network

again. After these modifications, the PtCNN network had a significantly higher error

rate when trying to determine the temperature at every pixel in the sub-image at once

compared to calculating just the average temperature of the sub-image.

Multiple error functions were tested to help determine the best logistic function

for future architectures (see Supplemental Material, Eqs. S5-S12). The four different

error functions that were tested with this network were Mean Square Error - MSE,
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Mean Absolute Error - MAE, Log Cosh Error - LC, and Log Cosh Hybrid Error -

LCH. While each error function is negatively-oriented, the MSE has a lower tolerance

for significant individual errors than the MAE. Furthermore, the LC and LCH are

even less tolerant to large individual errors than the MSE. It was hoped that having an

error function with a low tolerance for significant individual errors would minimize

the chance of having a prediction with an overall small RMSE despite having several

individual pixels with significant outlying errors. The impact of each error function

on the reconstruction accuracy was compared and can be seen in Table 1.

This experiment was then repeated with sub-images of sizes 5x5, 7x7, and 25x25.

Each test was conducted multiple times at each set of hyperparameters. Details for

the equations of functions and poor performance cases are summarized in Section

S3.1 of the Supplemental Materials. The sub-image dimensions with the vest average

accuracy over all the tests are presented as PtPCNN in Table 1. This poor performance

of the conventional CNN implementation was the motivation to implement a new

Moving CNN.

The implementation of a “Moving CNN” (Three-Channel Moving CNN

(3MCNN) and Five-Channel Moving CNN (5MCNN), Figure 7, bottom) was

inspired by studying the boundary problems of heat equations ([53]) and modify-

ing the conventional CNN architecture (focused on classification [54]) to incorporate

them better. This was achieved by turning each pixel into a square sub-sub-image that

includes neighboring pixels—called a ”pixel neighborhood matrix”—which is then

fed to the CNN to predict the temperature of the center pixel, as shown in Figure 7,

bottom). The boundaries of the image were also padded with the appropriate num-

ber of zeroes to ensure the model could be applied to the entire image. This is very

similar to how a convolution filter moves across an image, hence the name Moving

CNN.

However, this method is very memory and hardware intensive because the amount

of data being processed by the network scales with the dimensions of the neigh-

borhood matrix. While this was hardly noticeable for smaller matrix dimensions

(3x3 and 5x5), larger matrix dimensions quickly scaled beyond what our avail-

able computing resources could handle. To overcome this issue, the network was

trained on a subset of these square sub-images. To create this training data, the same

set of ten 1080x1920 temperature three-channel images was split into several hun-

dred thousand sub-images by randomly selecting the center pixels and creating their

neighborhood matrices.

This Moving CNN was then subsequently trained multiple times using each of

the four different error functions and for neighborhood sizes of 3x3, 5x5, 7x7, and

15x15. The best averaged results were for the 5x5 neighborhood size, as seen in Table

1, 3rd column, 3MCNN).

3.3.2 U-net Training and Implementation

Training the U-net was implemented in a similar manner to the CNNs. A set of ten

1080x1920 pixel three-channel temperature images (XvsY, Figure 4a) was divided

into 200,000 sub-images of size 32x32 and 16x16 by randomly selecting the top left

starting pixel and splitting them into training and test sets 90:10. The reason for the



Springer Nature 2021 LATEX template

14 Demonstration of Neural Networks to Reconstruct Temperatures from Simulated Fluorescent

Table 1 CNN and U-net results summary, where the average RMSE error for each implementation is

given, and the lowest average value is bolded. SI = sub-image size in pixels. Lower accuracy results are

presented in the Supplemental Materials.

AvCNN PtPCNN 3MCNN 5MCNN U-net MU-net

Error SI Avg

(K)

SI Avg

(K)

SI Avg

(K)

SI Avg

(K)

SI Avg

(K)

SI Avg

(K)

MSE 15x15 0.33 15x15 10
13 5x5 0.39 5x5 0.44 16x16 10

10 17x17 5.79

MAE - - 15x15 68.23 5x5 0.45 5x5 0.27 16x16 5.89 17x17 1.12

LC - - 15x15 5.88 5x5 0.36 5x5 0.25 16x16 5.80 17x17 1.09

LCH - - 15x15 8.22 5x5 0.35 5x5 0.23 16x16 5.97 17x17 1.18

different sub-image sizes compared to the CNN comes from the nature of the U-

net. The contracting of the U-net during the pooling operations and the expansion

of the U-net during the up-convolutions and concatenation operations necessitates an

image size that is a factor of 2. The network was then trained on these sets, with the

same four different error functions used with the CNN. For pixel-to-pixel reconstruc-

tion, it performed more accurately than the PtCNN, but it was also very resistant to

hyperparameter tuning, which is summarized in Section S3.1 in the Supplemental

Materials.

The U-net was then modified similarly to the 3MCNN to predict only the tem-

perature of the center pixel of a sub-image (Moving U-net or MU-net), with full

temperature image reconstruction consisting of rastering through the image. This

required the sub-image sizes to contain a center pixel, so the dimensions were

changed from 16x16 and 32x32 to 17x17 and 33x33. However, the U-Net performed

significantly worse on this task than the 3MCNN, despite having more information

to work with, as summarized in Table 1, 5-6th columns.

4 CNN PREDICTION RESULTS

To better compare the ability of the neural networks to accurately predict the true tem-

perature (as the temperature maps used to create the multi-channel fluorescent images

provide the exactly known ground truth), the 3MCNN was trained separately on each

type of temperature map. The loss functions of training and testing sets during this

neural network training experiment are shown in Figure 8.

To compare these results to other fitting processes, we took the processed tem-

perature maps and intensity images (that both had noise added during their creation),

vectorized all images into 1D arrays, and performed a 2nd order polynomial curve fit

to the resulting data. The 2nd order polynomial was selected because the original data

was created with a 2nd order curve. Each of the three channels of intensity imaged

used to train the NNs were fit separately, and Channels 4 and 5 (see Figure 3) were

used as a multi-variable, 2D fit (see Supplemental Material Figure S5).

This process was repeated for the RvsZ, XvsY, and Circles temperature maps,

with the results of the predicted temperatures compared to the true temperature shown

in Figure 9. The general trend of the NN results is that they scatter around the true

temperature line but begin to deviate at higher temperatures. Compared to the fittings

to each channel or multiple channels, the NN prediction is more accurate as it predicts

closer to the truth but is less precise as it is more scattered. Additionally, the 2D
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Fig. 8 LCH loss function of the training and testing sets when 3MCNN is trained using only one type of

temperature map: Circles, RvsZ, and XvsY

fit performance is often closer to the true temperature but is still highly erroneous.

During the 2D fitting process, the fits produce a higher RMSE when compared to the

standard single channel fit.

Fig. 9 Comparison of the accuracy of temperature reconstruction from the 3MCNN (labeled CNN3 in the

legend) to traditional curve fits using only one type of temperature map in the training or fitting process

and then testing the results on the same type of temperature map.

The RvsZ case (Figure 9, left) is noteworthy because it has the least scatter and

spans the largest temperature range. Furthermore, it does not exhibit the characteristic

deviation at high temperatures. However, there are true temperature values that are

outside the experimental data range of 300-312 K. This extrapolation is an artifact of

the analytical solution of Eqs. S2-S4, where a Bessel function or sinusoidal variation

is observed near the outer boundaries. This can cause the local temperature to exceed

the originally imposed maximum temperature of 312 K to the equation and results in

the same fluorescent intensity value being related to two different temperatures.

To investigate the impact of this ill-conditioned data, Figure 10 presents the fre-

quency of each temperature map and fluorescent intensity value in the 4th channel

images. The intensity and temperature distributions near 312 K are of particular note

because higher temperatures are typically associated with lower fluorescent inten-

sities. The bottom of Figure 10 is a zoomed in view of these areas and shows that

there is significantly more variation in the temperature than the intensity values. The

predicted temperatures in Figure 11 and the zoomed in RvsZ error images in Figure
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12 show that the neural network smooths out these periodic variations caused by the

Bessel or sine functions. This is the primary source of error in the temperature recon-

struction but is also encouraging as most physical systems do not have these odd

variations at boundaries and instead have much gentler transitions in temperature.

Supplemental Figures S3-S4 represent similar data as Figure 10 but based on the

XvsY and Circles temperature maps. Comparing the temperature histograms of the

XvsY, RvsZ, and Circles maps, we can see that the maps with the least scatter in

the NN predicted temperatures (RvsZ and Circles) have nearly 104 occurrences of

each temperature in the experimental 300-312 K temperature range. Additionally, the

amount of data at the extremes of the range either peak or drop off quickly. Looking

at the XvsY data, the extremes roll off gradually and never reach the 106 level of

occurrences. This variation in temperature and intensity data distribution could be

one reason there is significantly worse performance when trained on the XvsY data.

However, this is likely not the only reason, as the narrower range of temperatures

means that the normally distributed noise with a standard deviation, σ = ±0.1K,

causes the original “true temperature” image to be noisier and more discontinuous

than the RvsZ and Circles images, which have double the range of the XvsY images.

Fig. 10 Histograms of the temperature and fluorescent intensity values (Channel 4) for the RvsZ temper-

ature map (top). Zoomed in section of both histograms near 312 K. The red line represents the temperature

at 312 K and the matching intensity when using Figure S1 that provides the 2nd order fit to the original

experimental data from Ref [43].

Figure 11 presents the original (“true”) temperatures (1st column), true noisy

temperatures (2nd column), NN predicted temperatures (3rd column), and the differ-

ence between the two temperatures images (4th column), presented as filled contours.

The previously mentioned high noise level is observed in the XvsY images, resulting

in significant difficultly in seeing fine details within the error image (assuming the

number of contours is the same as the RvsZ and Circles images). However, if there

are only five contour layers, the uniformity of the error is observed, and it is near
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the ±0.1 K noise imposed on the original temperature image. In general, the error in

the RvsZ image is primarily between −0.2 and −0.4 K and is in the top part of the

image where the neural network has smoothed out the noise. This NN value is actu-

ally closer to the original temperature derived by the Eqs. S2-S4. This same behavior

is seen in the Circles images, where the NN has smoothed out the region of uniform

temperature between the circles. However, the Circles images have the most signifi-

cant errors near the center of the circle, where there is the least temperature data for

training.

Fig. 11 The first column is the true temperature maps of XvsY, RvsZ, and Circles. The second column

shows these three maps with noise added. The third column is the temperature map that 3MCNN predicted.

The fourth column is the differences between the predicted map and the temperature map with noise added.

We will also investigate the difference between the predicted and true tempera-

ture (∆Tpred−true) by the neural network for the RvsZ case (Figure 12). Over the

majority of the image, the error is between ±0.2 K but can be as high as ±1.8 K

near the boundaries of the image (See Figure 12). The corner of the image has the

highest deviation, but there is a periodic (every ∼40 pixels) section with a high devi-

ation as well. This is likely caused by two effects. The first is that the image needed

to be padded with zeroes on the boundaries, meaning sub-images located near the

boundaries when analyzed by the moving CNN have a subset of pixels that are zero

compared to the much higher temperature or fluorescent intensity values. The sec-

ond is that the analytical equation used to create the original temperature maps (Eq.

S2-S4) includes a series of Bessel functions and sine functions in its solution, which

manifest as near sinusoidal variations in temperature along the boundaries. Because

of these two issues, the NN provides more erroneous temperatures at the boundaries,

and implementation of the NN to experimental data should be performed on a win-

dowed part of the fluorescent images so that zero-padding at the boundaries is not

necessary.
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Fig. 12 The error between predicted and true temperature of the RvsZ temperature map (top left). The

brown boxed images represent the corner of the RvsZ map, with the original true temperature map, the

predicted map, and the error map presented. The yellow and blue boxed sections are also zoomed in images

of the RvsZ error map and represent a typical view of the error distribution within the map.

Finally, we want to compare the transferability of the neural networks trained

on different temperature maps. To do this, we will start by using the XvsY network

(that was used to optimize the hyperparameters for all CNN networks) and apply its

network to fluorescent images from the Circles and RvsZ cases. As we can see, the

lower training range of the XvsY (300-308 K) requires extrapolation to the 312 K

in the Circles map case, resulting in significant deviation at the higher temperatures

(Figure 12, left). If we instead select the network trained on the map with the largest

ranges of temperatures used in the training (RvsZ) and apply it to the other cases, we

can see that the temperature reconstruction is significantly improved. However, we

can see that significantly more scatter is observed when applied to the XvsY.

4.1 Improved 5 Channel Simulation Using a Moving CNN

The Moving CNN was then modified to take in 5 channel images (5MCNN) instead

of 3 channels to improve the accuracy of the temperature map with the highest error,

XvsY. A set of ten 1080x1920 pixel, five-channel images were created, then split

into sub-images of size 5x5 by randomly selecting center pixels and creating their

neighborhood matrices. This sub-image size was chosen because this size had the

best results on the 3 channel images (Table 1, 3rd column, 3MCNN).These sub-

images were then divided into training and test sets by splitting them 90:10, which the

network then trained on using each of the four different error functions (see Supple-

mental Material, Eqs. S5-S12). This 5 channel CNN had significantly better average

RMSE than its 3 channel counterpart, with a best average RMSE of ±0.23 K (Table

1, 4th column), less than half the error seen in Figure 8. The loss functions of training

and testing sets for this 5MCNN are in the Supplemental Materials, Figure S6. This
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Fig. 13 Comparison of the accuracy of temperature reconstruction from the 3MCNN (labeled CNN3 in

the legend) to traditional curve fits using only the type of temperature map in the training or fitting process

and then testing the results on a different type of temperature map. The left most figure shows the result

of testing techniques trained on the XvsY map on the Circle map. The middle figure shows the result of

testing techniques trained on the RvsZ map on the Circles map. The rightmost figure shows the results of

using techniques trained on the RvsZ map on the XvsY map.

network was then used to recreate the temperature field in its entirety, predicting each

pixel’s temperature by using its 5x5 neighborhood matrix. Similar to Figure 9, Figure

13a shows the results of the vector of predicted temperatures to true noisy tempera-

tures for both 5MCNN and 3MCNN for the XvsY temperature map. In general, the

5MCNN is closer to the line representing ground truth, while the 3MCNN results are

often overestimates. The zoomed in section in Figure 13b shows this more clearly.

Comparing the predicted and true temperature maps results in the error map in

Figure 13c. The majority of the error appears to be between ±0.2 K. This supports

the network training error of ±0.23 K (visible in Figure S6 in the Supplementary

Material and Table 1. Figure 13d highlights the lower left corner of the XvsY error

map and provides further verification of this lower RMSE, with the yellow sections

of higher error being the sections of the image that are a result of Eq. S1 that creates

periodic sections of high temperatures on the boundary of the XvsY map (similar

to what was seen in Figure 12 with the RvsZ map). These results imply that the

additional fluorescent image data from the other two channels improved the ability

of the temperature map to be reconstructed more accurately. This is likely because

there was less over-fitting with the 5MCNN network.

5 CONCLUSION AND FUTURE WORK

This work constitutes the first instance of applying neural network architectures to

map temperature images from fluorescent images. Established neural network archi-

tectures were used and modified to study this problem to give a baseline for future

research. SCFF architectures are unsuited for this type of problem due to their inabil-

ity to consider the spatial distribution of the data and susceptibility to over-fitting, as

shown in their generally poor and inconsistent performance. The pixel-to-pixel appli-

cation of a traditional CNN allowed for consideration of the spatial distribution of the

data but had poor performance when tasked with one-to-one pixel reconstruction.

A Moving CNN (MCNN) maintained the spatial distribution of the data and

reconstructed the temperature map with significantly lower error rates than the

PtPCNN. This is partly due to the higher level of information given to the network
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Fig. 14 (a) 5MCNN and 3MCNN results of XvsY compared to ground truth, with (b) presenting a zoomed

in image and only selecting every 1066th sample. (c) Error map of predicted temperatures from 5MCNN

compared to true temperatures for XvsY, with (d) showing the bottom left corner of the error map.

per pixel calculation due to the pixel neighborhood matrix. Furthermore, the Mov-

ing CNN estimates the temperature of each pixel individually rather than all at once,

which is a significantly less complex function and could explain the lower error. The

U-net architecture was not able to achieve the same level of accuracy as the Moving

CNN architectures. The 3MCNN networks demonstrated that they had a tendency

to average out more extreme periodic features at the boundaries and in large regions

with uniform temperatures. Additionally, we observed that having a training set with

a larger temperature range can still (like the RvsZ map) recreate the temperature dis-

tribution of one of the other maps relatively well. Although the networks did not

achieve the target value of ±0.1 K accuracy, the ±0.23 K accuracy achieved by the

Moving CNN trained on a 5-channel image (5MCNN) indicates that machine learn-

ing can be applied to recreate temperature images from fluorescent images accurately.

This was a significant increase in accuracy from the ±1 K accuracy achieved by

traditional curve-fitting methods.

Future work includes experimentally collecting fluorescent images with both cal-

ibrated (known) and unknown temperature distributions to use with the developed

CNN. This experimental setup will require uniform distribution of the fluorescent

dye inside the microfluidic device and a filter-wheel with narrow, optical bandpass

filters to isolate only the fluorescent light. Additionally, physics-based layers will be

included in the network to further incorporate the spatially diffusive nature of heat

that is predicted with the heat transfer equation and improve temperature accuracy.

These developments would improve the accuracy of melt-curve analyses for DNA

mutations in an effort to develop point-of-care diagnostics for precision medicine.
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