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Abstract:  Micro-scanning  thermal  microscope  imaging  system  (MTMIS)  enables  non-destructive

observation of  temperature variations in fine targets and has important applications in microelec-

tronic detection and biomedical diagnosis. However, existing dual-band systems suffer from low res-

olution, poor fusion quality,  and noise interference,  limiting effective utilization of  complementary

infrared  and  visible  information.  To  address  these  issues,  this  paper  proposes  a  dual-band  image

fusion and super-resolution (SR) reconstruction network (TCD-KDnet) based on knowledge distil-

lation. A teacher network generates high-resolution fused images and intermediate feature maps as

pseudo-labels to guide the student network, which integrates a fusion module and an SR reconstruc-

tion module. In particular, a Transformer-CNN (convolutional neural network) dual-branch fusion

method  is  designed  to  capture  global  cross-modal  context  and  local  texture  details,  enhanced  by

hierarchical  fusion  and  attention  mechanisms.  Furthermore,  an  improved  lightweight  RCAN  is

adopted  for  efficient  SR  reconstruction  with  reduced  parameters.  Experimental  results  on  public

datasets and real MTMIS data demonstrate that the proposed method significantly improves image

quality, detail preservation, and reconstruction efficiency.
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 1    Introduction

Since  the  1990s,  with  the  strong  demand  for

night  vision  and  combat  in  harsh  conditions  in

the  military  field,  thermal  imaging  technology

has  developed  rapidly  [1–3].  However,  most  of

these  systems  are  telescopic,  while  in  practical

applications,  micro-scanning  thermal  microscope

imaging  systems (MTMIS) with optical   amplifi-

cation  mode  are  often  used  to  analyze  the  fine

temperature  distribution  of  samples.  According

to  statistics,  about  70%  of  the  physical  and

chemical changes  of  objects  are  related  to   tem-

perature. MTMIS  can  observe,  record,  and   ana-

lyze  the  temperature  variation  process  of  subtle

targets  in  detail  due  to  its  high  sensitivity  to

temperature. Therefore, MTMIS has broad appli-

cation  prospects  in  nondestructive  testing  fields

such  as  microelectronic  devices,  scientific

research,  public  security  criminal  investigation

[4,5],  biomedical  diagnosis  [6–9], and   thermo-

physics and materials science.

In  2005,  the  research  group  first  developed
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an  MTMIS  based  on  an  uncooled  focal  plane

detector, and subsequently constructed three sets

of  uncooled MTMIS, leading the development of

this  field  [10–19].  Several  micro-scanning  ther-

mal image  processing  algorithms  were  also   pro-

posed for this system [10–17]. However, previous

MTMIS  mainly  relied  on  single-band  infrared

detectors, which suffer from limited depth of field

and  low  resolution,  resulting  in  unclear  texture

details and strong noise interference.

To  overcome  these  limitations,  a  parallel

optical  path  infrared/visible  fusion  MTMIS  was

proposed in 2022,  enabling simultaneous acquisi-

tion  of  infrared  and  visible  microscopic  images.

By leveraging  image  fusion  techniques,   comple-

mentary information from both modalities can be

effectively  integrated,  improving  image  clarity

and  overcoming  the  limitations  of  single-source

imaging in  terms  of  resolution,  information   con-

tent, and physical properties. This also enhances

the  accuracy  of  fault  detection  and  localization.

However, due to the optical diffraction limit, spa-

tial  discrete  sampling  of  focal  plane  detectors,

and  spatial  integration  effects  of  detector  units,

micro-scanning  thermal  imaging  often  suffers

from under-sampling. In addition, the long work-

ing  wavelength  further  aggravates  diffraction

effects,  leading  to  spectral  aliasing  and  image

quality degradation.
Super-resolution  (SR)  reconstruction  tech-

niques  can  recover  high-resolution  images  with
rich  high-frequency  details  and  clear  edges  from
low-resolution inputs. Therefore, this paper inves-
tigates SR reconstruction methods based on deep
learning,  image  fusion,  and  micro-scanning  the-
ory to improve the performance of MTMIS.

Specifically,  an  integrated  framework  for

image  fusion  and SR reconstruction  is  proposed.

A  knowledge  distillation-based  infrared/visible

image  fusion  and  SR  reconstruction  network

(TCD-KDnet)  is  constructed,  which  achieves

lightweight  design  and  efficient  training.  The

teacher  network  generates  high-resolution  fused

images as pseudo-labels to guide the student net-

work, enabling simultaneous low-resolution image

fusion and SR reconstruction.

The remainder  of  this  paper  is  organized as

follows.  Section  2 reviews  the  related  work  on

image fusion and super-resolution reconstruction.

Section  3 introduces  the  dual-band  micro-scan-

ning  microscope  imaging  system and  the  overall

framework of the proposed TCD-KDNet. Section

4 presents  the  proposed  network  architecture,

feature extraction  and  fusion  modules,   knowl-

edge distillation strategy, and loss functions. Sec-

tion  5 reports  the  experimental  evaluation  and

provides qualitative and quantitative analyses of

the proposed method. Section 6 further validates

the  effectiveness  of  the  proposed  method  on  an

actual  dual-band  fusion  micro-scanning  micro-

scope  imaging  system.  Finally,  Section  7 con-

cludes the paper.

 2    Related work

 2.1    Construction of the Dataset
With the rapid development of deep learning and

high-performance  GPUs,  deep  learning-based

methods  have  been  widely  applied  in  image  SR

reconstruction.  Two  mainstream  approaches  for

infrared image  SR  are  convolutional  neural   net-

work  (CNN)-based  and  generative  adversarial

network (GAN)-based methods.

In  CNN-based  SR  algorithms,  Dong  et  al.

[20]  proposed  the  super-resolution  convolutional

neural  network  (SRCNN)  in  2014,  which

employs  a  three-layer CNN for  image  SR recon-

struction.  However,  its  shallow  structure  limits

feature  extraction  capability.  In  2021,  Prajapati

et al. [21] introduced a channel-splitting CNN for

infrared image  SR,  but  this  approach  may   frag-

ment  feature  representations  and  increase  fusion

complexity,  affecting  reconstruction  consistency.

In  the  same  year,  Zou  et  al.  [22]  incorporated

skip  connections  and  channel  fusion  to  enhance

detail restoration;  however,  training remains dif-

ficult and incomplete feature integration may still

degrade reconstruction fidelity.
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To  further  improve  visual  quality,  Ledig  et

al. [23] introduced the generative adversarial net-

work  into  SR  reconstruction  (SRGAN),  which

enhances  perceptual  details  but  leads  to  lower

PSNR  and  SSIM.  In  2021,  Keqing  et  al.  pro-

posed  the  Wasserstein  GAN  (WGAN),  improv-

ing  PSNR and  SSIM while  reconstructing  richer

high-frequency  textures,  but  at  the  cost  of

increased memory and inference time [24]. Huang

et  al.  [25]  developed  the  heterogeneous  SR

WGAN  (HetSRWGAN), which  employs   hetero-

geneous convolutions and adversarial learning for

infrared  feature  extraction;  however,  it  may

introduce artifacts due to adversarial training. In

2023,  Liang  et  al.  [26]  applied  dual-attention

mechanisms to jointly model spatial and channel

features  using  CNN  and  GAN,  yet  performance

remains  limited.  In  2024,  Yuan  et  al.  [27]  pro-

posed  the  graph  recurrent  attention  network

(GRAN),  which  effectively  integrates  deep  and

fine-grained features, but tends to produce overly

smooth results.

Most existing  SR  methods  improve   perfor-

mance by increasing network depth, which leads

to higher  computational  cost  and  memory   con-

sumption, limiting  practical  deployment.   Fur-

thermore,  performing  image  fusion  prior  to  SR

reconstruction  introduces  noise  and  interference

into the  SR  process,  thereby  degrading   recon-

struction performance.

 3    Dual-Band  Fusion  Microscope

Imaging  System  and  the  Overall

Framework of  Fusion/SR  Inte-

grated Algorithm

 3.1    System  Composition  and  Working  Principle
of the Imaging System

Based on the uncooled focal plane detector mod-

ule, the precision optical flat micro-scanning sys-

tem,  and  the  dual-beam  microscope  head,  an

integrated  micro-scanning  dual-beam  microscope

imaging  system  is  constructed,  as  shown  in

Fig. 1.

The overall  workflow  of  the  system is   illus-

trated  in  Fig. 2.  Specifically,  the  target  object

passes  through  two  parallel  micro-optical  paths:

one  for  micro-scanning  thermal  imaging  and  the
 

Fig. 1    Infrared-visible  fusion  micro-scanning microscope   imag-

ing system
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other  for  visible  light  imaging.  First,  infrared

micro-rays  are  approximately  collimated  by  the

optical  MTMIS  and  then  captured  by  an

uncooled  detector,  generating  four  undersampled

images  – .  These  images  are  reconstructed

using a standard   micro-scanning scheme to

obtain  a  high-resolution  image.  Meanwhile,  the

visible light  path  captures  corresponding   micro-

scopic  images.  Finally,  the  reconstructed  high-

resolution  thermal  image  and  the  visible  light

image  are  fused  and  enhanced  through  the  SR

reconstruction algorithm to obtain a dual-modal-

ity fused SR microscopic image.

 3.2    Overall Framework of TCD-KDnet: An Inte-
grated Fusion  and  SR  Reconstruction  Algo-
rithm for Dual-Band Micro-Scanning Micro-
scope Imaging System

The TCD-KDnet designed in  this  paper  consists

of two  parts:  the  teacher  network  and  the   stu-

dent network. The network structure is shown in

Fig. 3. Among  them,  the  student  network   con-

sists  of  a  fusion  part  and  an  SR  reconstruction

part, which are responsible for the fusion of low-

resolution  images  and  the  reconstruction  of  SR

images,  respectively.  The  teacher's  network  is

responsible  for  fusing  high-resolution  images  as

labels, and then guiding the student’s network to

fuse low-resolution images and reconstruct SR.

 4    Overall  Architecture  of  TCD-

KDnet:  An Integrated  Fusion  and

SR Reconstruction Framework

 4.1    Design of the Teacher Network

3× 3

As shown in Fig. 3, the teacher network designed

in this paper consists of three main components:

an  encoder,  a  fusion  module,  and  adecoder.  The

encoder  comprises  a  3  ×  3  convolutional  layer

followed by a densely connected block. The con-

volutional layer is responsible for extracting shal-

low features.  The  densely  connected  block   con-

tains  three  stacked    convolutional  layers,

where  the  output  of  each  layer  is  concatenated

and passed as input to the next layer, effectively

preserving  feature  information  and  enhancing

high-frequency details.
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The  fusion  module  aggregates  the  features

extracted  by  the  encoder  and  combines  them

with the infrared features   and visible features

 to form the fused representation  , which is

then fed  into  the  decoder.  The  decoder  is   com-

posed  of  four  convolutional  layers  and  produces

the  final  high-resolution  fused  image  .  Addi-

tionally,  the  intermediate  output    from  the

penultimate  convolutional  layer  and  the  final

output    are  used  as  supervisory  signals  to

guide the training of the student network.

The student network is divided into two sub-

networks: a  fusion  network  and  an  SR   recon-

struction network, which are introduced in detail

below.

 4.2    Design of the Feature Fusion Module
 4.2.1    Design  of  the  Shared  Feature  Extraction

Module (SFEM)

As  shown  in  Fig. 4,  this  paper  constructs  an

SFEM  based  on  a  Transformer  backbone  to

apply attention along the channel dimension and

capture  global  context  from  input  images.  The

module  consists  of  two  key  components:  MDTA

[28] and GDFN,  which  are  connected  by   residu-

als, and can extract cross-modal shallow features

without increasing  computational  overhead   sig-

nificantly, thus improving the fusion effect.

To keep  the  parameter  scale  and   computa-

tional  complexity  close  to  that  of  conventional

fusion  networks  (FN),  this  paper  makes  two

improvements  to  the  FN  of  the  GDFN  module.

First,  it  reduces  the  feature  expansion  ratio,

which  improves  the  feature  modeling  ability

while still  maintaining  high  computational   effi-

ciency. Second,  it  introduces  a  nonlinear   activa-

tion function into the hidden layer.

 4.2.2    Design  of  the  Detail  Feature  Extraction
Module (DFEM)

The  input  and  output  features  of  the  invertible

neural  network  (INN)  are generated   symmetri-

cally, which helps better preserve the input infor-

mation. Therefore, this paper constructs a DFEM

module based on the INN block [29] that includes

affine coupling  layers.  To  ensure  feature   preser-

vation,  we  adopt  a  densely  connected  reversible

feature  fusion  module  composed  of  multiple

reversible  units.  The  composition  of  the  DFEM

module is shown in Fig. 5, where each basic unit

utilises an affine coupling layer.

To  further  enhance  the  representational
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capacity of the network, this paper makes the fol-

lowing improvements. First, the direct outputs of

each  reversible  unit  are  propagated  to  the  final

reversible  unit  via  skip  connections,  and  then

concatenated to  further  strengthen the   represen-

tation. Second,  an  effective  interaction   mecha-

nism  between  two  reversible  units  is  designed,

specifically  using  additive  coupling  for  the  long-

range branch and an enhanced affine coupling for

the local branch.

 4.2.3    Design of the Background Feature Extrac-
tion Module (BFEM)

The BFEM designed in this paper is composed of

multiple LT  blocks  connected  in  series,  as   illus-

trated in Fig. 6. To further reduce the computa-

tional  cost,  the  standard  convolution  operations

within the LT block are replaced with depthwise

separable convolutions.

 4.2.4    Design  of  the  Feature  Fusion  Module
(GFS)

Aiming at  the  challenge  of  simultaneously   pre-

serving  multi-source  feature  information  in

infrared and  visible  images,  we  design  a   hierar-

chical  fusion  strategy  called  GFS.  As  shown  in

Fig. 7,  GFS is  divided  into  two  levels.  The  first

level  contains  two  branches:  one  for  background

feature  fusion  and  the  other  for  detail  feature

fusion.  The  background  features  of  dual-modal-

ity  images  are  input  to  the  background  feature

fusion layer for fusion, and the detail texture fea-

tures  of  dual-modality  images  are  input  to  the

detail feature fusion layer for fusion. This design

avoids  feature  degradation  or  distortion  caused

by  excessive  convolution  without  increasing  the

parameter count.

 4.2.5    Design  of  the  Cross-Fusion  Refinement
Module (CFRM)

The  CFRM  module  is  designed  to  decode  the

fused-layer output features and produce the fused

image. To  enhance  both  image  quality  and   fea-

ture  reconstruction  efficiency,  a  convolutional

block  abttention  module  (CBAM)  is  incorpo-

rated  into  the  feature  reconstruction  stage  [30].

Its architecture is illustrated in Fig. 8.

 4.3    Design of the SR Reconstruction Network
In the SR reconstruction network, by feeding the

fused features into the SR module, a high-resolu-

tion fused image can be reconstructed. To ensure

the effectiveness  of  SR reconstruction while  con-

trolling  the  overall  network  parameters,  this

paper improves the RCAN [31],  as shown in the

 

Invertible module

Invertible module

[G0,L0] [G1,L1] [G
k
,L
k
]

G0

L0

G1

L1

f: HINM r: HINM h: HINM f r hC

Fig. 5    Schematic of the detail feature extraction module

 

Shared feature
input

LT block×n

Background

feature output

yBy

Fig. 6    Schematic of the background feature extraction module

 

Element-wise addition

Element-wise multiplication

Sigmoid

Weight

W

W

y
I

D

y
I

B

yD

yB

y

y
V

D

y
V

B

W

W

Fig. 7    Schematic of the feature fusion module (GFS)

Meijing Gao et al.  /  An Integrated Algorithm of Image Fusion and Super-resolution Reconstruction for Dual-band ...

—  591  —



SR reconstruction section of Fig. 3.  The original

architecture  of  12 stacked  residual  groups  has

been reduced to 6 stacked groups.

ILR HSF(·)
F0

RCAN  uses  a  single  convolutional  layer  to

extract  shallow  features  from  the  input  image

. Let   denote the shallow feature extrac-

tion  operator  and    the  resulting  feature  map

output from this layer, expressed as

F0 = HSF(I
LR) （1）

FDFThe extraction of deep features   employs

a  nested  residual  structure  known as  residual  in

residual (RIR), where short skip connections are

added  within  the  residual  blocks.  To  reduce  the

number  of  parameters  and  prevent  overfitting,

this paper  adopts  an  RIR  composed  of  six   seri-

ally  connected  residual  groups  to  extract  deep

image features. Its specific expression is

FDF = HRIR(F0) （2）

HRIR(·)where   denotes the RIR operator.

FDFNext,    is  processed  by  an  upsampling

operation. In this paper, the upsampling method

is sub-pixel convolution. The expression is

FUP = HUP(FDF) （3）

FUP

HUP(·)
where    represents  the  feature  map  obtained

after  upsampling,  and    corresponds  to  the

sub-pixel convolution operation.

FUP

ISR

Finally,    is  fed  into  the  reconstruction

layer to obtain the final SR reconstructed image

, defined by the expression:

ISR = Conv(FUP) （4）

 4.4    Design of the Loss Functions
 4.4.1    Design of the Teacher Network Loss Func-

tion

A  hybrid  loss  function  consisting  of  pixel  loss,

Lt

structural  similarity  (SSIM)  loss,  and  gradient

loss  is  constructed  to  guide  the  optimisation  of

the  teacher  network.  This  ensures  consistency

between  the  input  and  reconstructed  images

across  pixel  intensity,  structural  similarity,  and

gradient  variation,  thereby  preserving  textural

details  more  effectively.  The  total  loss  of  the

teacher network   can be expressed as

Lt = Lpixel + αLssim + Lgrad （5）

Lpixel Lssim

Lgrad

α

where    denotes  the  pixel  loss,    is  the

SSIM loss,    represents  the gradient  loss,  and

  is a  weight  coefficient.  These  three  loss   func-

tions are defined as follows

Lpixel = ∥x− y∥
2

（6）

Lssim = 1− SSIM(x, y) （7）

Lgrad = ∥∇x−∇y∥
2

（8）

∥ · ∥2 ℓ2

SSIM(·)
where    represents  the  norm  of  ,  and

  denotes the  structural  similarity   func-

tion.

 4.4.2    Design of the Student Network Loss Func-
tion

ℓ1

ℓ1

Ls

After  training  the  teacher  network,  the  student

network  is  trained  by  inputting  low-resolution

infrared and visible images into both the student

and  teacher  networks.  The    loss  between  the

high-resolution  fusion  images  generated  by  the

teacher network and the student network is com-

puted. Additionally,  to  enable  the  student   net-

work  to  learn  richer  high-resolution fusion   fea-

tures,    loss  is  also  applied  to  the  intermediate

layer  features  of  both  networks.  The  total  loss

function   for the student network is expressed

as

Ls =
∥∥IT

f − IS
f

∥∥
1
+ φ ∥ψT

1 − ψS
1 ∥1

, （9）

IT
f

IS
f

ψT
1

ψS
1

where    represents  the  high-resolution  fusion

image  generated  by  the  teacher  network, 

denotes  the  high-resolution fusion  image   pro-

duced  by  the  student  network,    refers  to  the

penultimate layer  features  of  the  teacher   net-

work,    indicates the  penultimate  layer   fea-
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φtures of the student network, and   signifies the

weight coefficient applied to the intermediate fea-

ture loss.

 5    Experimental  Evaluation  and

Results Analysis
The  algorithm  in  this  paper  is  based  on  the

fusion  module  TCDFusion,  adding  a  lightweight

RCAN image  SR network,  and integrated   train-

ing  by  knowledge  distillation.  To  evaluate  the

performance of  the  proposed method,  five  fusion

algorithms  were  combined  with  the  RCAN  SR

reconstruction algorithm, and their output results

were  compared  and  analysed.  All  comparative

experiments strictly  followed the  parameter  con-

figuration  requirements  specified  in  the  original

literature. Considering the scarcity of microscope

image  datasets  and  the  unique  characteristics  of

actual  acquisition  scenarios,  a  phased  validation

strategy was  adopted.  First,  simulation   valida-

tion  was  conducted  based  on  two  general  image

fusion benchmark datasets, TNO and RoadScene.

Subsequently, experimental  validation  was   per-

formed  using  images  collected  from  the  actual

MTMIS.

 5.1    Experimental  Setup,  Training  Process,  and
Training Datasets

The  experimental  setup  used  in  this  chapter  is

detailed  in  Tab.  1.  A  total  of  1  079 pairs  of

infrared  and  visible  images  were  selected  as  the

training set,  and  360 pairs  as  the  test  set.  Dur-

ing  training,  the  data  were  loaded  in  HDF5 for-

mat.  Due  to  varying  image  sizes  in  the  dataset,

preprocessing  was  performed  by  cropping  the

128× 128images into   patches to serve as ground

truth labels.  The Adam optimiser  was employed

with a batch size of 2.

In the  knowledge  distillation  training   pro-

cess,  the  teacher  network  was  trained  first  for

200 epochs.  Subsequently,  the  student  network

was  trained  for  a  total  of  300 epochs.  The  first

60 epochs  focused  solely  on  training  the  fusion

network to establish basic fusion capabilities. The

remaining 240 epochs involved training the entire

student network, resulting in a fused infrared and

visible  image  SR  reconstruction  network.  The

loss function curve is depicted in Fig. 9, showing

a  gradual  decrease  in  loss  with  stabilisation

around the 140th epoch.
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Fig. 9    Loss function variation curve during training
 

 5.2    Subjective Evaluation
Figs. 10–15 present the fusion and SR reconstruc-

tion results across six different scene types. Figs.

10–12  demonstrate  improvements  in  texture

detail  enhancement,  integration  of  infrared

salient  targets  with  visible  light  texture  details,

and preservation of infrared texture information,

respectively. Figs. 13–15 show the fusion effect of

infrared  target  retention  under  complex  lighting

conditions, overexposure and strong light irradia-

tion,  respectively.  In  each  group  of  images,  (a)

and (b) represent low-resolution infrared and vis-

ible images, respectively; (c) to (i) display fusion

and SR reconstruction results from five compara-

tive  algorithms;  and (j)  presents  the  fusion  and

SR  reconstruction  result  from  the  proposed

method.  To  better  illustrate  target  retention

 

Tab. 1  Hardware and software environment used in this study
 

Software/hardware Version/model

Host system Windows 11

DL framework PyTorch 1.7.0

CPU Intel Core i9-9900k

GPU NVIDIA RTX 2080Ti

CUDA 11.7

Host memory 16 GB
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capabilities, zoomed-in regions of interest are dis-

played in the bottom-right corners of the images.

Upon  analysing  the  results  of  Fig. 10,  it  is

observed that FusionGAN + RCAN and YDTR

+  RCAN  produce  images  with  unclear  edge

information. U2Fusion + RCAN and DDNSA +

RCAN yield relatively balanced results; however,

the  overall  images  appear  darker,  leading  to  a

loss  of  some  infrared  information.  PIAFusion  +

RCAN results in significant loss of infrared infor-

 

infrared image visible image

(d) U2Fusion+RCAN (e) PIAfusion+RCAN

(f) DATFusion+RCAN (g) ICAFusion+RCAN (h) DDNSA+RCAN (i) YDTR+RCAN

(a) low-resolution (b) low-resolution

(j) ours

(c) FusionGAN+RCAN

Fig. 10    Fusion and SR reconstruction experiment of the first group of images
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(f) DATFusion+RCAN (g) ICAFusion+RCAN (h) DDNSA+RCAN (i) YDTR+RCAN

(a) low-resolution (b) low-resolution

(j) ours

Fig. 11    Fusion and SR reconstruction experiment of the second group of images
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Fig. 12    Fusion and SR reconstruction experiment of the third group of images
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mation, with elements like clouds in the sky dis-

appearing  entirely.  DATFusion  +  RCAN

achieves good visual effects overall, but still expe-

riences some loss of infrared information, such as

clouds on  rooftops.  ICAFusion  +  RCAN   main-

tains  a  good  sense  of  layering  but  suffers  from

low contrast. In contrast, the image processed by

the proposed method exhibits clearer contours of

the vehicle body and wheels, better contrast, and

appropriate  overall  brightness,  demonstrating

superior performance.

Fig. 11  illustrates  that  pedestrian  targets  in

the  images  processed  by  FusionGAN  +  RCAN,

U2Fusion + RCAN, and DDNSA + RCAN algo-

rithms appear  relatively  blurred.  Although   ICA-

Fusion + RCAN and PIAFusion + RCAN algo-

rithms  preserve  significant  infrared  information,

the  edges  of  the  targets  are  not  clearly  defined,
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Fig. 13    Fusion and SR reconstruction experiment of the fourth group of images
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Fig. 14    Fusion and SR reconstruction experiment of the fifth group of images
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Fig. 15    Fusion and SR reconstruction experiment of the sixth group of images
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resulting in an overall blurry visual effect. DAT-

Fusion +  RCAN  and  YDTR  +  RCAN   algo-

rithms  lose  a  considerable  amount  of  visible

image information, leading to poor overall image

quality.  In  contrast,  the  image  processed  by  the

proposed method exhibits distinct texture details;

the letters  on  the  canopy  are  discernible,   pedes-

trian targets  are  clearer,  and  the  image   main-

tains  good  contrast  and  appropriate  overall

brightness.  Therefore,  under  complex  lighting

conditions and subtle texture variations, the pro-

posed method  demonstrates  superior   perfor-

mance.

Fig. 12  demonstrates  that  while  the  overall

visual effects of all algorithms are acceptable, cer-

tain methods exhibit specific limitations. Fusion-

GAN + RCAN, U2Fusion + RCAN, PIAFusion

+ RCAN, and DDNSA + RCAN algorithms fail

to  preserve  the  visible  light  texture  information

of the tree in the lower-left corner. DATFusion +

RCAN  algorithm  leans  more  towards  visible

image  information,  resulting  in  less  distinct

infrared  target  contours.  ICAFusion  +  RCAN

and YDTR + RCAN algorithms have overall low

contrast, with insufficient edge information and a

lack of texture details in the background. In con-

trast,  the  image  processed  by  the  proposed

method  exhibits  clearer  background  texture

details, well-defined human contours, and appro-

priate  image  contrast,  demonstrating  superior

performance  in  infrared  and visible  image  fusion

and SR reconstruction.

Fig. 13  illustrates  that  the  visible  image  in

this  group  suffers  from  overexposure  due  to

strong  lighting  and  the  high  reflectivity  of  the

car's  surface.  Although  the  visual  effect  appears

smooth, it  lacks clear texture details  and promi-

nent  edge  structures.  To  better  showcase  the

details  of  the  infrared  and  visible  image  fusion

and SR reconstruction, local enlargements of the

tire  and  lane  markings  are  provided,  with  the

zoomed-in  regions  placed  in  the  lower-right  cor-

ner of the image. In this scenario, FusionGAN +

RCAN, ICAFusion + RCAN, DDNSA + RCAN,

and  YDTR  +  RCAN  algorithms  fail  to  extract

texture information from the infrared image, such

as  the  clouds  present  in  the  original  infrared

image,  which  are  barely  visible  in  the  fused

images. U2Fusion emphasises visible image infor-

mation more, resulting in a higher overall bright-

ness with  richer  texture  details.  However,   ther-

mal target  information  is  not  sufficiently  promi-

nent. PIAFusion and DATFusion algorithms pro-

duce images that are generally darker, with insuf-

ficient extraction of visible image texture details,

making the  lane  markings  on  the  road  less   dis-

tinct. Although the image processed by the pro-

posed  method  shows  some  quality  degradation

under  low  resolution,  the  overall  texture  details

remain  visible,  the  lane  markings  are  clearly

marked, the edges of thermal targets are distinct,

and  the  image  maintains  good  contrast  and

appropriate  overall  brightness.  Therefore,  the

proposed method  demonstrates  superior   perfor-

mance  in  infrared  and  visible  image  fusion  and

SR reconstruction.

Fig. 14  illustrates  that  the  FusionGAN  +

RCAN,  PIAFusion  +  RCAN,  and  DDNSA  +

RCAN  algorithms  exhibit  overall  lack  of  clarity

in  fine  details,  especially  in  the  edge  regions  of

objects,  making  it  difficult  to  distinguish  target

objects  from  the  background.  The  U2Fusion  +

RCAN algorithm,  due  to  lighting  effects,  results

in  noticeable  halo  artefacts  around traffic  lights,

pedestrians, and  the  background  in  the   pro-

cessed  images.  The  ICAFusion  +  RCAN  and

YDTR + RCAN algorithms present clear object

edges  but  suffer  from  overexposure,  causing  the

background  to  lose  texture  details.  In  contrast,

both the DATFusion + RCAN and the proposed

method  maintain  relatively  clear  contours  for

traffic  lights,  pedestrians,  and  the  background,

effectively  avoiding  halo  artefacts,  and  the

images  exhibit  appropriate  overall  brightness.

Thus, the  proposed  method  demonstrates   supe-

rior performance compared to other algorithms.
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Fig. 15  illustrates  that  the images  processed

by  the  U2Fusion  +  RCAN,  FusionGAN  +

RCAN, DDNSA + RCAN, and YDTR + RCAN

algorithms completely  lose  the  pedestrian   infor-

mation present in the infrared images. The image

processed by  the  DATFusion  +  RCAN   algo-

rithm  exhibits  significant  noise,  resulting  in  a

poor visual effect. The PIAFusion + RCAN algo-

rithm fails to delineate the edges of distant build-

ings clearly. In contrast, the images processed by

the ICAFusion + RCAN algorithm and the pro-

posed  method  demonstrate  overall  better  visual

effects; the former provides superior processing of

trees,  while  the latter  offers  clearer  edge texture

details  of  vehicles.  Furthermore,  the  proposed

method  effectively  eliminates  the  strong  light

interference  from  oncoming  vehicles,  maintains

good  image  contrast,  and  ensures  appropriate

overall  brightness.  In  summary,  the  proposed

method exhibits  superior  comprehensive   perfor-

mance.

In summary,  the algorithm proposed in this

paper  effectively  integrates  information  from

infrared  and  visible  images  and  enhances  their

resolution  under  various  experimental  scenarios

and complex interference conditions, demonstrat-

ing excellent  performance.  The  proposed   algo-

rithm not only significantly improves the texture

details in low-brightness areas but also enhances

the  edge  structures  of  visible  images,  effectively

increasing the resolution of the fused images and

ultimately  producing  high-resolution  fused

infrared and visible images. To objectively evalu-

ate  the  algorithm’s performance,  eight   evalua-

tion metrics were employed, as shown in Tab. 2,

with bold fonts indicating the best results among

the experimental  outcomes.  As observed in Tab.

2,  compared  to  the  other  seven  algorithms,  the

proposed method achieves optimal values in aver-

age gradient (AG), effective number of indepen-

dent pixels (EIN),  entropy (EN), feature differ-

ence (FD),  spatial  frequency (SF), visual   infor-

mation fidelity for fusion (VIFF), structural sim-

ilarity index measure (SSIM), and peak signal-to-

noise ratio (PSNR), with improvements of 6.1%,

7.3%, 1.8%, 2.9%, 8.0%, 14.7%, 4.2%, and 17.7%

over  the  second-best  values,  respectively.  These

results,  combined  with  the  visual  effects  of  the

proposed algorithm,  fully  demonstrate  its   capa-

bility to effectively reduce the impact of adverse

factors  such  as  human  interference,  thereby

exhibiting superior performance.

 6    Validation  of  the  Actual  Dual-

Band  Fusion  Micro-scanning

Microscope Imaging System
We collected four groups of dual-light images by

using  the  dual-band  microscope  imaging  system

built  by  our  previous  research  group,  and  used

the  algorithm  proposed  in  this  paper  for  fusion

and SR reconstruction. Due to space limitations,

only one  group  of  reconstruction  results  is   pre-

sented  here.  As  shown  in  Fig. 16,  image  (a)  is

the  low-resolution  thermal  microscope  image,

image  (b)  is  the  low-resolution  visible  light

microscope image, and images (c) to (j) sequen-
 

Tab. 2  Quantitative evaluation results on the TNO dataset
 

Method ↑AG  ↑EIN  ↑EN  ↑FD  ↑SF  ↑VIFF  ↑SSIM  ↑PSNR 

FusionGAN + RCAN 3.044 30.689 4.947 3.718 6.009 0.851 0.450 14.732

U2Fusion + RCAN 3.795 29.847 5.498 4.451 5.770 0.603 0.507 15.457

PIAFusion + RCAN 3.368 33.985 5.705 5.135 8.755 0.682 0.450 15.860

DATFusion + RCAN 3.591 34.288 5.340 5.087 10.893 0.735 0.532 16.885

ICAFusion + RCAN 3.089 37.816 5.360 5.791 10.548 0.849 0.595 18.769

DDNSA + RCAN 4.026 34.026 5.268 5.074 6.578 0.687 0.578 17.621

YDTR + RCAN 3.996 36.682 5.199 5.617 10.232 0.824 0.577 18.206

Ours 4.271 40.580 5.808 5.960 11.766 0.976 0.620 22.090
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tially represent the fusion and SR reconstruction

results of various comparison algorithms and the

proposed algorithm.  Visually,  the  image   pro-

cessed  by  the  proposed  algorithm  exhibits  a

brighter field of  view,  more prominent edge tex-

tures,  and  a  stronger  overall  sense  of  layering,

with clearer and more distinct targets.

In summary,  the algorithm proposed in this

paper  effectively  integrates  information  from

infrared  and  visible  images  and  enhances  their

resolution  under  various  experimental  scenarios

and complex interference conditions, demonstrat-

ing excellent  performance.  The  proposed   algo-

rithm not only significantly improves the texture

details in low-brightness areas but also enhances

the  edge  structures  of  visible  images,  effectively

increasing the resolution of the fused images and

ultimately  producing  high-resolution  fused

infrared and visible images. To objectively evalu-

ate  the  algorithm’s performance,  eight   evalua-

tion metrics were employed, as shown in Tab. 3,

with bold fonts indicating the best results among

the  experimental  outcomes.  Compared  with  the

other  algorithms,  the  proposed  method  achieves

optimal  values  in  average  gradient  (AG),  effec-

tive  number  of  independent  pixels  (EIN),

entropy  (EN),  feature  difference  (FD),  spatial

frequency  (SF),  visual  information  fidelity

(VIFF),  structural  similarity  index  measure

(SSIM),  and peak signal-to-noise  ratio (PSNR).

Specifically, the proposed method improves upon

the  second-best  algorithms  by  5%,  6.5%,  3.4%,

9.3%, 14.7%,  15.3%,  11.2%,  and  25%,   respec-

tively. These quantitative results, combined with

the  visual  effects  observed,  fully  demonstrate

that  the  proposed  algorithm  exhibits  superior

performance  in  the  joint  task  of  microscope

image fusion and SR reconstruction.

 

(c) FusionGAN+RCAN (d) U2Fusion+RCAN (e) PIAfusion+RCAN

(f) DATFusion+RCAN (g) ICAFusion+RCAN (h) DDNSA+RCAN (i) YDTR+RCAN

micro-scope image light microscope image

(a) low-resolution thermal (b) low-resolution visible

(j) ours

Fig. 16    Fusion and SR reconstruction experiment of the first group of low-resolution microscope images

 

Tab. 3  Average evaluation results of fusion and SR reconstruction experiments on four groups of low-resolution microscope images
 

Method ↑AG  ↑EIN  ↑EN  ↑FD  ↑SF  ↑VIFF  ↑SSIM  ↑PSNR 

FusionGAN + RCAN 3.047 31.274 4.990 3.735 6.074 0.808 0.398 14.981

U2Fusion + RCAN 3.814 30.414 5.552 4.483 5.831 0.555 0.456 15.721

PIAfusion + RCAN 3.378 34.640 5.764 5.182 8.878 0.635 0.399 16.133

DATFusion + RCAN 3.605 34.948 5.391 5.133 11.061 0.689 0.482 17.179

ICAFusion + RCAN 3.092 38.551 5.412 5.852 10.709 0.805 0.546 19.103

DDNSA + RCAN 4.348 34.672 6.029 5.111 6.647 0.633 0.520 17.922

YDTR + RCAN 4.308 41.250 5.791 5.262 9.459 0.861 0.504 17.440

Ours 4.566 43.933 6.232 6.397 12.692 0.993 0.607 23.885
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 7    Conclusions
In this  study,  we  propose  a  knowledge   distilla-

tion  network,  TCD-KDnet,  that  unifies  image

fusion and  SR  reconstruction  tasks.  This   net-

work utilizes a teacher network to generate high-

resolution fused  images  and  intermediate   fea-

tures,  which  serve  as  pseudo-labels  to  supervise

the student network. This approach ensures effi-

cient training while achieving model lightweight-

ing  and  high-performance  training,  effectively

solving the spatial  resolution limitations of   ther-

mal  microscope  imaging  systems  and  providing

robust  technical  support  for  high-resolution

microscope thermal analysis.

In  the  network  architecture  design,  the

teacher  network  is  solely  responsible  for  fusing

high-resolution infrared and visible images, while

the student network comprises two modules: the

fusion module and the SR reconstruction module.

Considering  the  characteristics  of  infrared  and

visible light microscope images—such as low res-

olution  and  significant  texture  differences —we

propose  an  image  fusion  algorithm  based  on

Transformer/CNN  dual-branch feature   interac-

tion.  Through  the  complementarity  of  the  two

networks in  receptive  field  and  feature   expres-

sion, the texture information of infrared thermal

target and visible light is preserved.

We  first  construct  a  feature  extraction

encoder that  employs  three  modules  to   sepa-

rately  extract  background  and  detail  features

from  infrared  and  visible  images  through  dual

branches:  a  shared  feature  extraction  module

(SFEM)  designed  with  a  Transformer-CNN

hybrid structure to mine cross-modal shallow fea-

tures;  a  detail  feature  extraction  module

(DFEM)  based  on  an  invertible  network  design

to retain high-frequency texture information; and

a background feature extraction module (BFEM)

where  a  lightweight  Transformer  further  refines

global background information.

Subsequently,  we  design  a  graded  fusion

strategy  (GFS)  to effectively  address  the   chal-

lenge of simultaneously preserving different types

of  feature  information  from  infrared  and  visible

images. Furthermore, by introducing channel and

spatial attention mechanisms,  we design a chan-

nel  and  spatial  feature  reconstruction  module

(CFRM)  to  optimize  the  quality  of  the  fused

image. Finally, considering the frequency domain

distribution characteristics  of  infrared  and   visi-

ble  light  signals,  we  propose  a  correlation  loss

function based on the “low-frequency correlation-

high-frequency  independence”  theory. This   func-

tion, when  combined  with  pixel  loss  and   gradi-

ent  loss,  guides  the  network  to  maintain  image

structure and details better.

In the SR reconstruction section, we improve

the RCAN  architecture  by  using  only  six   resid-

ual  groups  to  achieve  high-fidelity  amplification

of  the  fused  features,  thereby  controlling  the

model parameter  count  while  ensuring   recon-

struction quality.  Experimental  results   demon-

strate that  the  images  processed  by  our   algo-

rithm  exhibit  a  brighter  field  of  view,  more

prominent  edge  textures,  and  a  stronger  overall

sense  of  layering,  with  clearer  and more  distinct

targets.

Subjective  visual  effects  and  quantitative

metrics  from  various  experiments  confirm  the

effectiveness  of  the  integrated  fusion  and  SR

reconstruction  network  proposed  in  this  paper.

When performing joint fusion and SR reconstruc-

tion of infrared and visible images in microscope

scenes, our algorithm can better preserve infrared

thermal  information  and  visible  light  texture

details,  achieving  higher  spatial  resolution  and

contrast.
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