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ABSTRACT
Deep learning technologies have been successfully applied to automatic diagnostics of ex-vivo lung cancer with
fluorescence lifetime imaging endomicroscopy (FLIM). Recent advance in convolutional neural networks (CNNs)
by splitting input features for multi-scale feature extraction as a feature-level aggregation, has achieved further
improvement in visual recognition. However, due to the splitting, correlations among input features are no longer
retained. To exploit the advantages of hierarchical multi-scale architectures, while maintaining the correlations as
global information, we propose a novel architecture, namely multi-scale concatenated-dilation (MSCD) at a layer
level. The MSCD performs multi-scale feature extraction on input features without the splitting. In addition, we
substitute the Addition aggregation in the original hierarchical architecture with the Concatenation to retrieve
more features. At the same time, we also introduce dilated convolutions to replace the linear convolutions to
further enlarge the receptive field. We evaluate the performance of MSCD by integrating it into ResNet, on
over 60,000 FLIM images collected from 14 patients, using a custom fiber-based FLIM system, with various
user-specified configurations. Accuracy, precision, recall, and the area under the receiver operating characteristic
curve are used as the metrics. We first demonstrate the superiority of our MSCD model over the backbone ResNet
and other state-of-the-art CNNs in terms of higher scores with lower complexity over the metrics. Moreover, we
empirically demonstrate the superiority of the Concatenation aggregation over the Addition on convolution and
scale efficiency. Furthermore, we compare the MSCD with Res2Net to illustrate the advantages and disadvantages
of feature-/layer-level multi-scale aggregation.
Keywords: fluorescence lifetime endo/microscopic images, FLIM, lung cancer prediction, convolutional neural
networks, multi-scale concatenated dilation, dilated convolutions, MSCD

1. INTRODUCTION
Fluorescence is extremely sensitive and, thus, able to deliver rich information about biochemical interactions
of tissue specimens at the molecular level. In addition to the spatial distribution of fluorescence intensity and
spectrum, a distinguishing feature of fluorescence is its lifetime, characterised by a decay from the excited state
to the ground state. The lifetime is independent of its concentration and intensity, but influenced by various
internal and external factors, e.g., molecular structure and the surrounding environment.1, 2 Fluorescence lifetime
imaging endomicroscopy (FLIM) utilises the distinguishing characteristics to detect, visualise, and investigate
the structure and function of biological systems, including the diagnosis of human disease.3, 4
Despite the popularity of fluorescence lifetime in the analysis of tissue specimens, visual recognition of lifetime images for cancer detection is extremely challenging. Conventional approaches for FLIM-based human
diseases/cancer prediction are primarily based on lifetime contrast in healthy/unhealthy biological tissue. Fig. 1
illustrates a typical scenario, where averaged lifetime (third column) of normal (first row) and cancerous (second
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Figure 1. Example of lifetime contrast of normal (first row) and cancerous (second row) lung tissue, along with histology
images as the ground truth.5

row) is derived by histogramming lifetime images (second column), and histology images (fourth column) are
used as the ground truth. Due to the independence of lifetime from intensity, lifetime images are visually homogeneous, whereas intensity images are contrasting. In addition, this independence also results in similar lifetime
but different intensity images, for example, by applying different exposure times. Another significant challenge
is the diversity of lifetime. For example, cancerous tissue has been reported to have a longer or shorter lifetime than healthy tissue.6, 7 During our experiments, we observed that hardware configurations, e.g., excitation
wavelength, also cause this inconsistency.
Deep convolutional neural networks (CNNs) have revolutionised the processing of bio/medical images in
many ways, such as in classification and segmentation problems.3, 8 Contemporary architectures, like ResNet9
and DenseNet10 for image classification, and DeepLab11 and U-Net12 for image segmentation, have significantly
advanced the performance of the state-of-the-art of computer vision tasks. A common practice in those models
is the modularization of convolution blocks, e.g. residual block in ResNet. Those relatively fixed patterns make
them easy to be expanded with more sophisticated blocks, which happen at different levels. For example, Gao
et al.13 incorporated Res2Net blocks into ResNet at a feature-level.
To this end, we propose a multi-scale concatenated-dilation (MSCD) network, which incorporates the advantages of dilated convolutions into a layer-level pyramidal architecture, to further improve the discrimination
performance. In addition, since the FLIM system was developed for online in-vivo in-situ diagnosis of respiratory
inflammation and infection, a model of low in complexity but with better or even comparable capability to the
baseline networks would be essential for an online processing. In MSCD module, each 3×3 convolution performs
with distinctive dilation rate and extracts features combining global information at layer-level and local information at branch-level from the previous branch, if this exists. To demonstrate the effectiveness and efficiency of
the MSCD, we integrate it into ResNet and evaluate it with different configurations on over 60,000 FLIM images
from 14 pairs of normal/cancerous tissue by a fibre-based custom FLIM system able to collect data with various
user-specified configurations. We first compare it with the state-of-the-art CNNs to illustrate its advantages.
Later, we demonstrate the superiority of Concatenation over Addition as the aggregation. Finally, we make a
comparison between the MSCD and the state-of-the-art Res2Net to understand the multi-scale architectures at
different levels.
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2. PRIOR ART
2.1 Machine Learning in FLIM-based Cancer Prediction
Various FLIM systems have been applied to detect cancer and other types of diseases of different organs.2
However, the majority of them focused on instrumentation or accurate estimation of fluorescence lifetime.14
Conventionally, statistical methods dominated the discrimination of cancerous tissue from normal one, with the
assistance of auxiliary information, e.g. pathological images. Among the existing Machine Learning (ML) methods for automatic detection, most of them were based on fluorescence intensity images.15, 16 Surprisingly, little
attention has been paid to ML-based cancer classification using FLIM. Chen et al.17 tried an indirect strategy
for skin lesion detection. In their approach, handcrafted features extracted from lifetime reconstruction were
utilized for the automatic detection by a Support-Vector Machine (SVM). Jo et al. used quadratic discriminant
analysis to classify malignant and benign lesions for oral cancer with six FLIM-based features.7 In,18 Wang et
al. applied four ML algorithms, namely K-nearest neighbour, SVM, neural network, and random forest to the
classfication of FLIM images. A considerable difference between Wang’s approach and others is they did not use
handcrafted features as input, but pixel values of FLIM images.

2.2 Multi-Scale CNNs
Multi-scale architectures are common in modern CNNs. They are characterised by paralleling several operations,
with a single or a sequence of operators at different levels.11, 13 Architecture-level aggregation is usually designed
to handle multiple inputs, Whereas parallel processing paths are employed to handle the inputs of multiple scales,
and the outputs of the paths are integrated later on, such as the multi-view convolutional networks for falsepositive reduction,19 and the tree-style hierarchical aggregation for strong capability of feature representation.20
However, a major disadvantage of such architectures is that they are generally designed for specific purposes,
thereby being usually challenging for them to be adapted for other cases.
Layer-level aggregation uses parallel convolution blocks to retrieve features. For example, the Inception21
deployed parallel convolutions with different kernels, along with a pooling operation, as the basic convolution
block for image classification. DeepLab11 used the so-called atrous spatial pyramid pooling to fulfil multiscale dilation for semantic segmentation. Similar concepts have been widely applied for various purposes, such as
stacked dilated convolution22 for dense matching, dilated inception network23 for saliency prediction, and dilated
multi-scale network24 for retina segmentation. Multi-scale feature retrieval can also be performed by different
operations, instead of convolutions. For instance, He et al. applied spatial pyramid pooling to input features
for visual recognition.25 Inspired by the layer-level aggregation, our model integrates multi-scale features with
various dilated convolutions. Furthermore, our model introduces an extra concatenation of the output from the
previous branch, before performing a dilated convolution, which enables the integration of global features at
layer-level with local features at branch-level.
Feature-level aggregation concerns the integration of features at finer-grain scale, such as group convolution,26, 27 and depthwise separable convolution.28–30 MixConv31 integrated multiple kernel-sizes in depthwise
convolutions. Res2Net adapted this concept by proposing a hierarchical residual-like style.13 Liu et al. proposed
a similar architecture but utilising dilated convolution instead.32 Our inspiration comes from the hierarchical
style proposed in13 and,32 except that we integrate the style at a layer-level instead of at a feature-level, so that
global information can be reused and integrated.

3. METHODOLOGY
3.1 Data collection
Over 60,000 FLIM images were collected by a custom-built, fiber-based, dual-band FLIM system with various
user-specified configurations, such as exposure time and excitation wavelength.33 For each ex-vivo experiment,
a pair of normal/cancerous tissues from each patient was scanned, and multiple measurements were conducted
at different physical points on each tissue by direct contact of the fiber with the tissue, with diverse hardware
configurations.
Since various hardware/software configurations were applied during the data acquisition, we removed some
images, which may introduce extra variance. For example, we excluded the images whose lifetime was not
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Table 1. The effective number of images collected from 14 patients, including measured points on cancerous/non-cancerous
tissue, and collected frames from each patient. The 14th set was used as an independent dataset for testing purposes.

Patient
1
2
3
4
5
6
7
8
9
10
11
12
13
14
Total

Measured Points
Frames
Cancer Non-cancer Cancer Non-cancer
8
9
904
1712
10
14
880
1300
11
15
1080
1320
4
8
792
1186
2
2
396
396
8
13
1196
1994
8
9
1196
1202
9
8
1200
1200
13
2
1698
200
6
6
992
894
14
6
280
120
12
9
240
180
7
7
128
140
10
30
840
888
122
138
11822
12732

Figure 2. Image post-processing to obtain the channel-stacked images to be the input to the MSCD architecture. The
channel-stacked images have proved to be more suitable for CNNs to achieve better performance.5

reconstructed by Rapid Lifetime Determination (RLD), since their lifetime is significantly different from the one
generated by RLD. After the cleaning, there were, in total, 24,554 FLIM images remaining, including 11,822
from cancerous tissue and 12,732 from normal tissue. Table 1 lists the detailed information about how many
frames were acquired on each patient. Note that each frame contains an intensity and its corresponding lifetime
images.

3.2 Image post-processing
Fig. 2 depicts the image post-processing pipeline that transforms raw images into channel-stacked
p images suitable
for CNN input. A simple threshold filter is applied to the raw images. A threshold value Iˆ related to the
optimal signal-noise ratio is used, where Iˆ is the mean of the measured intensity.34 Afterwards, the filtered
intensity images are normalized using the corresponding dark background and lightfield images to obtain the
post-processed intensity images. The normalized intensity images are further binarized and applied as a mask
to the filtered lifetime images to yield post-processed lifetime images. Eventually, the processed intensity and
lifetime image are stacked togehter to form an RGB image with the third channel left blank, as the rightmost
image in Fig. 1. This is then used as the input for all the models.

3.3 MSCD module
A suitable substitute for the residual block can be made at layer-level21, 22 or at feature-level.13, 32 Layer-level
integration concerns the global input features as a whole, but with the compromise of complexity. On the other
hand, feature-level integration concerns a part of the input features by individual convolutions, and thus the
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Figure 3. Illustration of the MSCD with ResNet as the backbone, where the 3×3 convolution in the Residual block is
replaced by the proposed MSCD block. A four-scale MSCD block, i.e., four parallel convolutional branches, is presented.
Each branch utilizes a dilated convolution with a distinctive dilation rate d.

complexity can be controlled but ignoring the correlations among features. To retain the integrity and reuse the
layer-level global information, we perform the replacement at layer-level. In,13, 32 from the second convolution
branch on, an extra addition is inserted to fuse the global information and the local information from the previous
branch before the convolution at each branch. We also introduce a similar concept to our proposal, except that
we use concatenation, rather than addition, to allow more features to be extracted and fused. Concatenation
also makes our proposal more flexible since addition requires the dimensional matching of the input branch-wise
local features and the global features, whereas concatenation does not.
Fig. 3 illustrates the proposed MSCD model within ResNet, where a 3×3 convolution in a residual block is
replaced by an MSCD block, with four dilated branches of different dilation rates, including 1, 2, 3, 5. Batch
normalization,35 followed by a rectified linear unit36 was used. Let xg denote the features extracted by the 1×1
convolution, yi denote the output of each branch, where i ∈ {1, 2, ..., n}, C is the concatenation operation, and
Γ idi () is a composite operation containing a 3×3 convolution with dilation rate di . Therefore, yi can be defined
as:
(
Γ idi (xg )
i=1
yi =
(1)
i
Γ di (C[xg , yi−1 ]) 1 < i 6 n
The output of the MSCD block yg can be written as:
yg = C([y1 , y2 , ..., yn ])

(2)

For each Γ idi (), the input contains two concatenated parts: the layer-level global features xg and the branchwise local features yi−1 . Since the 3×3 convolution in Γ idi () is dilated with a unique dilation rate di , the output
yi contains the features information with a certain receptive field with respect to the global features xg . In
addition, yi−1 implicitly includes the information from all previous branches, and thus, yi also reflects some
feature information from all previous branches. This results in a similar behaviour than DenseNet,10 except that
our approach combines only two parts, whereas DenseNet concatenates all outputs from previous convolutions
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in a dense block. Eventually, the output yg of an MSCD block carries the features with diverse receptive field
scales.
When fixing the width and depth of the MSCD module, it is evident that appending one more Γ idi () operation
will increase the computation, since the major computational processing cost of a residual block is due to the
3×3 convolution. On the other hand, DenseNet has demonstrated that a wider network does not necessarily
require dense connections, due to the reusability of features from previous layers throughout the whole network.
Since the MSCD module is based on a similar concept, it is expected that MSCD-ResNet does not require the
same large number of filters used in ResNet.

3.4 Implementation Details
All our models were implemented in PyTorch, where ResNet, DenseNet, and Inception follow the PyTorch’s
official implementation, and Xception, SENet, and Res2Net the authors’ implementations, respectively. The
training was performed on 13 sets of data from 13 patients, and the remaining patient set was used as an
independent testing set. For training data, 10% was randomly split out as the validation set. All training and
testing, including the conventional CNNs, were programmed from scratch. For all evaluated CNNs, we applied
the stochastic gradient descent for optimization with momentum 0.9 and learning rate initially sets to 0.1, and
divided by 10 at epoch 50, 100, 150 and 175 for, in total, 200 epochs, with batch size 128. We used binary crossentropy as the loss function. Weights were initialized using the He’s method.37 In addition, we also employed
weight decay 1e-4. For data augmentation, we utilized a simple strategy of vertical and horizontal flipping, as
well as random crop with zero-value padding of 16 pixels.

4. RESULTS
4.1 Overall performance
Table 2. Overall performance of six contemporary CNNs and the MSCD model. Two types of MSCD models are evaluated.
One contains three variations with preserved complexity but different widths and scales. The other also has three variations
with increased complexity by the same scale but different widths. The best score in each group is in italic, and the overall
best score is in bold.

CNNs
ResNet50
DenseNet121
Inception
Xception
SENet50
Res2Net50
w30-s2
MSCD-ResNet50
w18-s4
(preserved complexity)
w14-s6
w18-s4
MSCD-ResNet50
w20-s4
(increased complexity)
w24-s4

Accuracy Precision Recall
(%)
(%)
(%)
83.14
95.4
80.77
80.43
95.22
76.96
83.61
96.99
78.04
83.24
96.67
78.29
84.07
94.32
83.1
84.35
93.89
80.89
84.11
95.89
81.61
84.41
95.89
82.18
84.90
97.93
80.95
84.41
95.89
82.18
86.92
99.24
82.66
87.43
99.69
82.97

AUC Params
(%)
(106 )
85.12
23.5
83.33
7.0
88.26
21.8
87.37
20.8
84.88
26.0
88.26
23.7
86.12
19.1
86.28
18.1
88.20
18.4
86.28
18.1
90.48
20.3
91.15
25.2

Table 2 lists the results of the MSCD module, along with six state-of-the-art CNNs. For the popular CNNs,
we applied the default configurations as stated in their original papers. For the MSCD, we present the results
with ResNet50 as the backbone network, except that we shrink the original ResNet50 width of 64 to much
smaller values, and replace the original residual blocks with our MSCD model. The evaluated widths and scales
are represented as w and s, respectively. For instance, MSCD-ResNet50-w30-s4 stands for the MSCD on the
ResNet50 with width 30 and scale 4.
As Table 2 indicates, the proposed MSCD model, with preserved complexity, achieves overall better scores
on the metrics than the majority of contemporary CNNs and, in most of the cases, with fewer parameters. For
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example, MSCD-ResNet50-w18-s4 is superior to its backbone ResNet50, but with over 20% fewer parameters.
With increased complexity, the MSCD surpasses all the conventional CNNs dramatically, where the gaps between
our model and the traditional CNNs can be up to 7%, 5.8%, 6.01%, and 7.82% on accuracy, precision, recall,
and AUC, respectively.

4.2 Impact of different aggregations
To simplify the demonstration, we name the variation of MSCD with the Addition aggregation as multi-scale
added dilation (MSAD), where MSAD and MSCD differ only in the aggregation operator. Since a multi-scale
architecture is used, the number of effective convolutions increases, with the corresponding increment of scale.
Therefore, we also compare convolution efficiency to evaluate the performance of the proposed model.

Figure 4. Convolution efficiency of the proposed models with different aggregations, along with ResNet as the baseline,
where MSCD uses the Concatenation, and MSAD uses the Addition.

Fig. 4 demonstrates the advantage of the channel-wise Concatenation aggregation over the pixel-wise Addition. For accuracy, recall, and AUC, the MSCD outperforms the MSAD and the backbone ResNet with different
depths, although the MSAD is better than the MSCD with 98 convolutions for the three metrics. For precision,
the MSCD performs better when the effective convolutions are lower than 80, whereas the MSAD is better than
the MSCD for values beyond 80.

Figure 5. Scale efficiency of the proposed model with different aggregations, where MSCD uses the Concatenation and
MSAD uses the Addition.

As depicted in Fig. 5, given the same backbone ResNet and settings, the MSCD-ResNet is overall superior to
the MSAD-ResNet on accuracy, precision, recall, and AUC, although there are a few cases where MSAD-ResNet
outperforms MSCD-ResNet.

4.3 Comparison of MSCD and Res2Net
We also compare our MSCD model with Res2Net, in terms of convolution efficiency and scale efficiency, to
understand the multi-scale architectures at different levels. Fig. 6 illustrates the convolution efficiency of our
MSCD model, ResNet, and Res2Net, which demonstrates the superiority of our MSCD model over both ResNet
Res2Net on the metrics, although Res2Net is, in some cases, better than MSCD-ResNet on precision.
As depicted in Fig. 7, the MSCD is significantly better on accuracy than Res2Net with scales 3, 4, and 5,
and very close to Res2Net with scales 2 and 6. On precision and AUC, MSCD-ResNet surpasses Res2Net with
scale 4, 5, 6. For recall, the MSCD-ResNet surpasses Res2Net with scales 2 and 3, but is inferior to Res2Net
with scales 4, 5, and 6, although the gap, in this case, is trivial.
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Figure 6. Convolution efficiency of MSCD-ResNet vs Res2Net, using ResNet as the baseline.

Figure 7. Scale efficiency of MSCD vs Res2Net.

5. CONCLUSIONS
We have proposed a novel multi-scale concatenated-dilation network to further improve the performance of
CNNs on ex-vivo lung cancer classification with fluorescence lifetime endomicroscopic images. With preserved
complexity, MSCD-ResNet outperforms the CNNs with over 20% fewer parameters. With increased complexity,
MSCD-ResNet achieves performance gain of up to 7%, 5.8%, 6.01%, and 7.82% on accuracy, precision, recall,
and AUC, respectively. We also demonstrated that the Concatenation aggregation is overall better than the
Addition for both effective convolution and scale efficiency on the metrics, except for a few cases, where the gap
is generally trivial. In addition, the proposed MSCD model surpasses Res2Net in terms of convolution efficiency.
As for scale efficiency, MSCD-ResNet tends to achieve better scores with large scale, particularly on precision and
AUC, than Res2Net. Since the custom-built fibre-based FLIM system aims for online in-vivo in-situ imaging of
tissues located deep in lung, more accurate outcomes generated with less complex models will potentially provide
real-time classification to help clinicians make better decisions at the bedside.
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