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Abstract: In this study, we present a novel approach to differentiate normal and diseased lungs based
on exhaled flows from 3D-printed lung models simulating normal and asthmatic conditions. By
leveraging the sequential learning capacity of the Long Short-Term Memory (LSTM) network and the
automatic feature extraction of convolutional neural networks (CNN), we evaluated the feasibility of
the automatic detection and staging of asthmatic airway constrictions. Two asthmatic lung models
(D1, D2) with increasing levels of severity were generated by decreasing the bronchiolar calibers
in the right upper lobe of a normal lung (D0). Expiratory flows were recorded in the mid-sagittal
plane using a high-speed camera at 1500 fps. In addition to the baseline flow rate (20 L/min) with
which the networks were trained and verified, two additional flow rates (15 L/min and 10 L/min)
were considered to evaluate the network’s robustness to flow deviations. Distinct flow patterns
and vortex dynamics were observed among the three disease states (D0, D1, D2) and across the
three flow rates. The AlexNet-LSTM network proved to be robust, maintaining perfect performance
in the three-class classification when the flow deviated from the recommendation by 25%, and still
performed reasonably (72.8% accuracy) despite a 50% flow deviation. The GoogleNet-LSTM network
also showed satisfactory performance (91.5% accuracy) at a 25% flow deviation but exhibited low
performance (57.7% accuracy) when the deviation was 50%. Considering the sequential learning
effects in this classification task, video classifications only slightly outperformed those using still
images (i.e., 3–6%). The occlusion sensitivity analyses showed distinct heat maps specific to the
disease state.

Keywords: video classification; CNN-LSTM network; lung diagnosis; exhaled flows; vortex dynamics;
heat map; high-speed imaging; asthma; airway remodeling

1. Introduction

In recent years, medical devices for lung diagnosis have increasingly utilized exhaled
breath to determine the presence of disease. An active area is breathomics, based on the
premise that exhaled gases and condensates are by-products of metabolic processes within
the lung, where changes in their composition can reflect the states of lung diseases [1,2]. Ab-
normally higher concentrations of nitric oxide were reported in the exhaled breath of asthma
patients [3]. Similar correlations included elevated levels of antioxidants in COPD [4], cy-
tokines/chemokines in cystic fibrosis [5], and hydrogen peroxide/decane/isoprene in
non-small cell lung cancer [6]. Breathomics-based lung diagnoses are non-invasive and of-
fer the possibility of detecting lung diseases at an early stage. However, their effectiveness is
also limited by various factors, including diet, environment, and other non-disease-related
factors. Moreover, they only assess the presence and concentration of chemicals in exhaled
breath and, therefore, cannot provide information on the site of carcinogenesis or the size of
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airway structural remodeling. Comprehensive reviews of breathomics or breath analyses
can be found in [7–11].

Several studies have explored aerosols as diagnostic tools by leveraging the aerosol
bolus dispersion (ABD) [12–14]. The ABD assesses aerosol concentration against the volume
of respiration to define bolus parameters, providing information on the structure and
function of the lungs [15]. For instance, a more homogenous dispersion indicates healthy
lung tissue, while an uneven dispersion can suggest areas of constriction or damage. This
can be useful in diagnosing conditions like asthma, bronchiolitis, emphysema, and cystic
fibrosis [16–19]. This technique has the advantage of being less invasive than X-rays
or CT scans but is limited by a low aerosol delivery consistency and low measurement
accuracy/sensitivity [20,21]. The acoustics of exhaled flows have also been used to gauge
lung functions by imposing oscillating impulses into the respiratory flow, demonstrating
their ability to detect progressive airway obstructions [22].

A recent development in lung diagnosis is the use of video classification for automated
detection of pneumonia or COVID-19 based on lung ultrasound scan videos, generally us-
ing a hybrid spatiotemporal CNN-RNN approach [23–25]. As deep learning has advanced
in recent years, the trend in video classification has shifted from conventional methods with
handcrafted features to deep learning techniques that automatically extract spatial features
from video frames. The temporal information in videos is often modeled using recurrent
neural networks (RNNs), including Gated Recurrent Units (GRUs), which have two gates,
reset and update, or Long Short-Term Memory (LSTM), which has three gates input, output,
and forget [26]. This approach has demonstrated satisfactory accuracy in diagnosing acute
respiratory distress syndrome based on ultrasound videos of the lung [27]. In our previous
studies, we have consistently observed that the exhaled flows and aerosol plumes varied
with a specific pattern whenever the airway geometries were modified, suggesting a unique
correlation between the expiratory flow-aerosol characteristics and the underlying lung
anatomical/physiological variations [28]. This observation also suggests that the videos of
the exhaled flows, which contain rich spatial and temporal information from the lung, can
potentially be used to detect the underlying lung remodeling and estimate its severity.

The hybrid CNN-LSTM approach leverages the strengths of CNN’s feature extraction
and LSTM’s sequence learning. This hybrid approach has found wide applications in
video classification [29–31], activity/behavior recognition [32,33], time-series prediction
(i.e., weather, air quality) [34], natural language processing [35], medical image sequenc-
ing [36], and autonomous driving [37,38]. Some other interesting applications have also
been reported in various disciplines, including crop yield prediction [39], cattle behavior
classification [40], daily tourist flow prediction [41], basketball kinematic feature analy-
sis [42], sleep–wake staging/detection [43,44], lung and heart sound classification [45], and
fall detection with ultra-wideband radars [46].

The objective of this study was to evaluate the feasibility of using CNN-LSTM ap-
proaches to classify disease stage/severity based on exhaled flows. It is hypothesized that
any remodeling in the lungs causes a flow disturbance, which will further elicit a variation
in the exhaled flow and aerosol distribution. The exhaled flow-aerosol pattern will be
unique to the structure of the lungs. However, additional questions arise: How do we use
these FAFP images to correlate with internal lung structure changes? How accurate will
this method be? Will the method be robust to compliance deviations? Specific aims of this
study include the following:

(1) Develop normal and diseased lung models with mild and severe constrictions.
(2) Record exhalation flows from the normal and diseased lung casts using a high-speed

camera at 20, 15, and 10 L/min and analyze the flow videos using PIVlab.
(3) Train two CNN-LSTM networks based on videos acquired at 20 L/min and test the

networks using videos acquired at 20, 15, and 10 L/min.
(4) Compare the classification performances based on videos and still images.
(5) Calculate the categorial occlusion sensitivity for AlexNet and GoogLeNet.
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The remaining text is organized as follows. In vitro models, the experimental setup,
CNN-LSTM networks, and the study design are described in Section 2. The results of high-
speed recording, PIVlab analyses, classification performance, and sequential and spatial
features are presented in Section 3. The insights gleaned from this study are discussed in
Section 4, with a concise conclusion in Section 5.

2. Materials and Methods
2.1. Normal and Diseased Lung Models

An image-based mouth–throat model, previously reported in [47], was utilized to
examine exhalation flows. The model featured a round oral opening with a diameter of
20.8 mm, and its lung branching extended to the fifth generation (G5), as shown in Figure 1a.
Initially derived from CT scans of a healthy adult male, the model’s dimensions, as well as
the methods employed in its development, were detailed in [48].
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Figure 1. Normal and diseased respiratory models: (a) mouth–lung geometry extending to G5,
(b) 3D-printed casts, and (c) normal (D0) and diseased (D1, D2) lung models with mild (blue) and
severe (green) constrictions.

To simulate lobar asthmatic conditions within the lung model, flow resistors with
two reduced diameters were applied to the outlets of the tertiary bronchi in the right
upper (RU) lobe. The diameter of the normal lung was 5.6 mm. Three-dimensionally
printed resistors with a 4 mm inner diameter and 5.6 mm outer diameter were inserted into
the RU tertiary bronchi to generate the first asthmatic lung model (D1), mimicking mild
constriction due to muscle over-secretion and/or muscle inflammation. Similarly, resistors
with a 2 mm inner diameter and 5.6 mm outer diameter were used to generate an asthmatic
lung model (D2) with more severe constriction. The mouth–lung casts were prepared using
a Form 3B+ 3D printer (Formlabs, Somerville, MA, USA) and a clear stereolithography
(SLA) resin (Formlabs Clear Resin, FLGPCL04). To ensure a tight seal, a stepped groove
was incorporated at the connecting ends of each part.

2.2. Experimental Setup

A 3D-printed mouth–lung cast was housed in a 5 L container (Figure 2a). The container
was connected to two tubes: one for introducing a soft mist from an ultrasonic cool mist
humidifier (Pure Enrichment, Huntington Beach, CA, USA) and the other for channeling
airflow from a compressor (Chad 50 PSI, Port Washington, NY, USA). The output mists from
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the humidifier were measured using a laser diffraction droplet size analyzer (Spraylink,
Dickinson, TX, USA), with D10, D50, and D90 being 2.95, 4.62, and 8.55 µm, respectively.
The compressor’s flow rate was adjusted using a PWM Motor Speed Controller (Rio Rand,
Fresno, CA, USA), allowing accurate control of the flow rate.
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Figure 2. Methods: (a) experimental setup with the lung model housed in a 5 L container and
powered by an adjustable compressor, with exhaled flows being visualized using vapor mists from a
humidifier and recorded using a high-speed camera at 1500 fps; (b) hybrid CNN-LSTM networks for
video classification; and (c) CNN classification for stationary images.

A Phantom 13100L high-speed camera (Ametek, Wayne, NJ, USA), capable of captur-
ing up to 11,000 frames per second, recorded the exhaled flow with aerosol mists at 1500 fps
(Figure 2a). A 100 mW, 488 nm laser sheet was used to ensure adequate illumination of
the mist droplets for clear visualization. Exhaled mist patterns were systemically recorded
from both the normal (D0) and two asthmatics (D1 and D2) at three flow rates (20, 15, and
10 L/min), corresponding to a mean velocity of 1.0, 0.75, and 0.5 m/s through a mouth
outlet of 20.8 mm. The video recordings at 20 L/min were used to train the CNN-LSTM
classifier, while those at 15 L/min and 10 L/min were used as deviants to test the robust-
ness of the trained CNN-LSTM classifier. For each test condition (i.e., with a given lung
model and flow rate), a recording of one minute or longer was taken, which was further
segmented into 30 clips or so, with each clip lasting 2 s. Each test was repeated three times
or more, generating at least 90 video clips for each test case. The network’s classification
robustness to temporal features was also tested by shifting the video clips by 1 s.

2.3. CNN-LSTM Networks for Video Classification
2.3.1. CNN Models

The video classification of disease-specific exhaled flows consists of four phases, video
processing, feature extraction, sequence learning, and classification, as shown in Figure 2b.
In sequence folding, videos are parsed into a batch of images before any convolutional
operations are performed. Two networks were considered in this study: AlexNet and
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GoogLeNet. Both models excel at image and video recognition. AlexNet was the 2012
winner of the ImageNet competition and comprises five convolutional layers followed
by three fully connected layers [32,33]. GoogLeNet (or Inception) was the 2014 winner,
known for its depth and width with reasonable computational resource requirements [49].
The inception modules allowed the optimization of filters of varying sizes at each layer
and helped handle the variation in input information efficiently. Both networks extracted
features from frames of the expiratory flow videos, capturing the distinct patterns of flow
from the normal (D0) and two diseased (D1 and D2) lung models.

2.3.2. LSTM

LSTM is a type of recurrent neural network optimized for sequence prediction prob-
lems. In video classification, sequences of frames are fed into the network. By integrating
LSTM with CNNs, the temporal dependencies between video frames can be captured. This
is vital for understanding patterns in expiratory flows, which are inherently sequential. In
doing so, each frame of the video is passed through either AlexNet or GoogLeNet to extract
a high-dimensional vector (features) from each frame, followed as inputs into LSTM. After
processing through the LSTM that learns the temporal dynamics of the expiratory flows,
the final output is passed through a softmax layer (or any appropriate activation function)
to classify the video as either ‘D0: normal’, ‘D1: mild asthmatic’, or ‘D2: severe asthmatic’,
as shown in Figure 2b.

The core of the LSTM network consists of a BiLSTM layer with 2000 hidden units,
recognizing patterns and sequences of patterns over the frames of a video, such as the
progression of the mist plume or the trajectory of a vortex. The output from the LSTM
layers can then be passed to a dense layer with SoftMax activation to produce classification
probabilities for each category. During training, both the CNN and LSTM components
can be trained together end-to-end using labeled video data. The network is optimized to
minimize the difference between its predictions and the actual labels using a categorical
cross-entropy loss to classify videos into specific categories.

2.3.3. Training Configuration and Performance Matrices

Optimal learning was facilitated through a mini-batch size of 16 and an initial learning
rate of 0.0001. A gradient threshold of 2 was used to prevent potential issues with gradient
explosion. Randomness was introduced by shuffling data at the start of each epoch. Further-
more, a once-per-epoch validation check was enforced to monitor the network’s efficiency.

Multiple metrics were calculated from the confusion matrix to assess the classification
performance of the network. These included overall accuracy and categorical matrices
such as precision, sensitivity, specificity, F1 score, ROC (receiver operating characteristic)
curve, and AUC (area under the curve). In the case of three-class classification (namely D0,
D1, D2), these categorical metrics were adapted from their binary versions, employing the
One-vs-Rest (OvR) method, e.g., D0 vs. (D1 and D2), D1 vs. (D0 and D2), and D2 vs. (D0
and D1). More details of the methods to calculate the performance matrices can be found
in [50].

2.3.4. Heat Map

Heatmap analyses were conducted to understand the network-learned features under
different asthmatic severities. To obtain the heatmap, corresponding training and testing
using the CNN models were also conducted using stationary images from the same train-
ing/testing video sets, with each 2 s long video clip being split into 3000 images. The
ensuing comparison of classification performance between the CNN-LSTM and CNN only
would shed light on the impact of LSTM’s sequence learning.

2.4. Study Design

To evaluate the robustness of the video-classification models, both AlexNet-LSTM
and GoogLeNet-LSTM were trained on video clips acquired at 20 L/min but tested on
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videos acquired at three flow rates, 20 L/min, 15 L/min, and 10 L/min, representing a
difficulty level of Level 0 (baseline), Level 1, and Level 2, respectively. A ten-fold cross-
validation approach was used to train the model, with the dataset randomly divided into
ten equal-sized subsets. Ten runs were conducted and, in turn, nine subsets were used for
training and the reaming dataset was used for testing [51]. To compare the diagnostic ability
between AlexNet-LSTM and GoogLeNet-LSTM, both accuracy and categorical matrices,
such as precision, sensitivity, specificity, F1-Score, ROC curve, and AUC, were calculated
for each model, particularly at the Level 2 difficulty. To evaluate the LSTM’s sequence
learning effect on model performances, the video clips were split into still images, which
were further used to train and test AlexNet and GoogLeNet. Heat maps designating the
most important regions for model classification were found in terms of occlusion sensitivity
for D0, D1, and D2 in both AlexNet and GoogLeNet.

Training and testing of the CNN-LSTM and CNN models were carried out on an AMD
Ryzen 3960X 24-Core workstation equipped with 3.79 GHz processors, 256 GB RAM, and
a 24 GB GPU (PNY NVIDIA GeForce RTX 3090). In this study, using around 224 video
clips and 12,000 images, a single training cycle for one CNN model required about 8–10 h
to complete.

3. Results
3.1. High-Speed Recording of Expiratory Flows

Figure 3 displays flow visualization images of exhaled breath from normal (D0) and
diseased (D1, D2) lung models at different flow rates. High-resolution, yet highly complex,
vortex patterns are observed in the mid-plane of the exhaled flows using the VEO high-
speed camera acquired at 1500 fps. After exiting from the mouth, the exhaled flows quickly
evolve into dense vortices due to the high-velocity flow jet. In addition, flow entrainment
of ambient air occurs at the jet boundary, which decreases the plume speed and generates
new vortices. These vortices are transported downstream by the main flow and, at the
same time, experience stretching, decay, and compression along the journey. Note that even
though these 2D mid-plane images only partially capture the dynamics of the 3D exhaled
flow-aerosol plume, they are also advantageous in revealing details of the flow structures
within the flow that a 3D plume cannot otherwise show. For different diseases and flow
rates, the exhaled flows varied in penetration length, pattern complexity, vortex density,
and sequential vortex evolution.

The effects of disease stage (D0, D1, D2) on exhaled flows can be evaluated at three ex-
halation flow rates (20, 15, and 10 L/min). The progression from healthy to disease states
demonstrates a gradual decrease in flow penetration length. This change is presumably
attributed to an increasing obstruction in the right upper lobe, which not only increases
the flow resistance but also alters flow distribution among the five lobes, further elevating
right–left asymmetry. In healthy lungs (D0), the vortex pattern appears to be more concen-
trated and complex, with vortices surviving for a longer time, accumulating along the axial
direction and compressing previous vortices, while in diseased states (D1 and especially
D2), the vortex flows are less vigorous and more diffuse.

The effects of flow rate on exhaled flows can be evaluated by comparing Figure 3a–c
(i.e., 20 L/min, 15 L/min, and 10 L/min). At the highest flow rate (Figure 3a), there is a
strong, fast jet of exhaled air. In healthy lungs, this jet is coherent and penetrates longer,
whereas, in diseased states, particularly in D2, it is disrupted to the extent that it becomes
less visible due to turbulent mixing. At lower flow rates (Figure 3b,c), the exhaled air has
less kinetic energy, leading to a more stable vortex flow in D0, which evolves at a slower
pace and remains visible for a longer time and distance. By contrast, the disruption to
vortex flows due to disease (D1 and D2) remains noticeable at 15 and 10 L/min, with both
cases maintaining perceivable diffusion and disorganization (Figure 3b,c).
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Figure 3. Comparison of expiratory flows from normal (D0) and diseased (D1, D2) lungs at different
flow rates, (a) 20 L/min, (b) 15 m/s, and (c) 10 L/min, with the lower panels showing the temporal
evolution of expiratory flow patterns (0–1.0 s) from D0 at 15 L/min.

The lower panel of Figure 3 displays a time sequence of expiratory flow from D0 at
15 L/min over the course of one second. Coherent flow structures persist over time. Even
though the patterns vary with time-varying vortex sizes and rearrangements, the overall
complexity, vortex density, and penetration length remain unchanged. Also note that the
vortex complexity, or irregularity, is highly heterogeneous along the axial direction. Both
the similarities and differences may contain anomaly-sensitive information, which can be
further explored to detect diseases and estimate disease state.

3.2. PIVlab Analyses of Videos
3.2.1. Velocity and Vorticity

The videos were analyzed using PIVlab to explore the flow characteristics. Figure 4
shows the PIVlab-derived velocities and vorticities of the videos from D0, D1, and D2 at
20 L/min.

Note that the color bars used in D0, D1, and D2 in Figure 4a are different. The exiting
velocity from the mouth in D0 is around 1.0 m/s, which is equivalent to a volume flow rate
of 20 L/min, thus verifying the accuracy of the PIVlab analyses. It is also observed that
the exhaled jet flow loses its kinetic energy to the ambient air, and its main flow velocity
gradually decreases in the axial direction. The non-continuous red spots in the velocity
maps indicate the instantaneously unstable main flows (Figure 4a).

The instantaneous vorticity maps corresponding to the above velocity contours are
presented in Figure 4b. It is clearly shown that the flow regions with the highest vorticity
intensity are not the same as the regions with high velocities. High-vorticity regions are
observed at both the flow cores and boundaries, where a large velocity gradient exists.

Figure 4c compares the velocity distributions among D0, D1, and D2 along a transverse
line (8 cm downstream of the mouth) and an axial line, respectively. It is observed that at
8 cm downstream of the mouth, the flow speed has decreased from 1 m/s at the mouth
opening to approximately 0.5 m/s. Considering different disease states, the velocity in
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D0 is slightly higher than in D1 and D2. This observation corroborates with the higher
flow resistances in D1 and D2 due to increasing obstructions in the right upper lobe. This
pattern is also noted in the axial flow velocity variations (right panel, Figure 4c), where D0
is slightly higher than D1, and D1 is slightly higher than D2.
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Figure 4. PIVlab analyses of expiratory flows at 20 L/min: (a) velocity contour, (b) vorticity contour,
and (c) one-dimensional velocity profile along the horizontal and vertical directions.

3.2.2. Vortex Locations

Figure 5 shows the instantaneous vortex locations corresponding to the velocity fields
in the above figure both in the 2D map format (upper panel) and along the axial direction.
Both the locations and numbers of vortices differ among different disease states. More
importantly, how the vortex locations change with time, in both vortex locations and vortex
densities, can be inherently correlated to underlying diseases. Vortices can play critical
roles in mixing, momentum transfer, energy dissipation, and flow instability, thus having
significant implications in establishing disease-flow correlations.

3.3. Video Classification
3.3.1. AlexNet-LSTM

The three-class classification performance matrices of AlexNet-LSTM are presented
in Figure 6 in terms of precision, specificity, sensitivity, and F1 score. The same data are
also listed in Table 1. All four matrices are class-specific (D0, D1, D2) and tested on video
samples of three levels of difficulty (L0, L1, L2). The average and variance of each matrix
were also calculated over the three levels and are presented as the fourth group in each
figure. Note that the AlexNet-LSTM network was trained on L0 video (baseline, acquired
at 20 L/min).
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(c) specificity, (d) F1 score, and (e) ROC profiles on L2 video test sets.

All matrices for video classification are 100% on L0 test samples (Figure 6a–d, which
is not surprising considering the video similarities between the training and testing sets.
This high performance serves as verification that the trained network has indeed captured
disease-associated features. The video classification is also perfect when tested on the Level
1 dataset containing 100 2 s video clips acquired at 15 L/min, signifying that the network
has indeed learned certain inherent features unique to the disease, which remain detectable
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despite a 25% deviation in the flow rate during video acquisition. However, a further
flow deviation of 50% (from 20 L/min to 10 L/min) led to significant misclassifications,
reducing the overall accuracy from 100% to 72.8%. All class-specific metrics decrease
correspondingly. The average and variance of each matrix have also been calculated over
three categories, D0–2, and are presented as the fourth group in Figure 6a–d. At Level
2 difficulty, the overall precision is 74.6% ± 11.7, sensitivity is 72.8 ± 21.5, specificity is
86.4 ± 8.8%, and F1 score is 71.6% ± 13.5.

Table 1. Three-class classification performance matrices of AlexNet-LSTM on test videos with varying
levels of exhalation breathing deviations (L0: level 0, or no deviation; L1: level 1; L2: level 2).

All D0 D1 D2

(%) Accu Prec Sens Spec F1-S Prec Sens Spec F1-S Prec Sens Spec F1-S

L0 100 100 100 100 100 100 100 100 100 100 100 100 100

L1 100 100 100 100 100 100 100 100 100 100 100 100 100

L1-1s 100 100 100 100 100 100 100 100 100 100 100 100 100

L2 72.8 82.8 100 89.6 90.6 58.0 70.7 74.4 63.7 83.0 47.6 95.1 60.5

The ROC (receiver operating characteristic) curves at Level 2 difficulty are also pre-
sented in Figure 6e, which plots the true positive rate (TPR) vs. the false positive rate (FPR)
and illustrates the diagnostic ability of a network on a specific class at various threshold
settings. It clearly shows the different abilities of the network in diagnosing D0, D1, and D2,
indicating the challenges in identifying robust anomaly-sensitive features. The area under
the curve (AUC) of the ROC is also presented in Figure 6e, providing a single scalar value
to evaluate the performance. An AUC value of 1 for D0 suggests that the AlexNet-LSTM
model has a perfect discrimination ability for D0 when tested on L2 test samples. By
contrast, AUC values of 0.8281 for D1 and 0.8848 for D2 indicate that the AlexNet-LSTM
model has a lower but satisfactory discriminative power for D1 and D2 at Level 2 difficulty.
The model operating point is also presented for each ROC curve (Figure 6e). These points
represent the compromise between TPR and FPR chosen for each case, capturing as many
true positives as possible while keeping false positives reasonably low.

3.3.2. GoogLeNet-LSTM

Figure 7 and Table 2 show the three-class classification performance matrices of
GoogLeNet-LSTM trained on L0 and tested on L0, L1, and L2 datasets. Similar to AlexNet-
LSTM, the video classification by the GoogLeNet-LSTM network achieved 100% classifica-
tion on the baseline datasets (L0), thus verifying the capture of defining features specific to
the disease by the GoogLeNet-LSMT network. Unlike AlexNet-LSTM, misclassification
by GoogelNet-LSTM starts to occur at Level 2 difficulty with a flow deviation of 25%
during video acquisition (i.e., from 20 L/min to 15 L/min). The overall accuracy is 91.5%,
the averaged sensitivity is 92.7%, and the specificity is 96.3%, which still provides a high
classification performance on Level 1 data. However, a drastic decrease in classification is
observed on Level 2 test videos (acquired at 10 L/min), with an overall accuracy of 57.7%,
a cross-class averaged sensitivity of 57.7% ± 33.0%, and a specificity of 78.9% ± 15.2%.

Class-specific ROC curves of GoogLeNet-LSTM are shown in Figure 7e. For Level 1
difficulty (upper panel, Figure 7e), all ROC curves are close to the left upper corner, with
AUC values of 0.998–1.0, initiating high diagnostic abilities at this level. However, at Level
2 difficulty (lower panel, Figure 7e), the ROC curves for D1 and D2 are close to the diagonal
of the graph, with low AUC values of 0.70–0.71, indicating an inadequate diagnostic ability
of the network for video images acquired at 10 L/min.
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Table 2. Three-class classification performance matrices of GoogLeNet-LSTM on test videos with
varying levels of flow deviations (L0: level 0, or no deviation; L1: level 1; L2: level 2).

All D0 D1 D2

(%) Accu Prec Sens Spec F1-S Prec Sens Spec F1-S Prec Sens Spec F1-S

L0 100 100 100 100 100 100 100 100 100 100 100 100 100

L1 91.5 100 100 100 100 73.1 100 89 84.5 100 78.1 100 87.7

L1-1s 91.9 98.8 98.8 99.2 98.8 76.2 100 90.7 76.2 98.5 80.3 99.2 88.5

L2 57.7 95.4 100 97.6 97.6 40.4 53.7 60.4 46.1 31.4 19.5 78.7 24.1

3.3.3. Comparison between AlexNet-LSTM and GoogLeNet-LSTM

A comparison of the three-class performance matrices between the two networks is
presented in Figure 8. In Figure 8a, the advantage of using AlexNet-LSTM over GoogLeNet-
LSTM increases with increasing levels of difficulty (or flow deviation), suggesting a superior
robustness of the AlexNet-LSTM network than GoogLeNet-LSTM. Considering the class-
specific matrices such as precision, sensitivity, specificity, and F1 score, AlexNet-LSTM
exhibits much higher performance than GoogLeNet-LSTM for the two disease cases D1
and D2, while showing an equivalent or slightly lower performance for the normal case
D0 (Figure 8). This observation holds for both Level 1 and Level 2 datasets, suggesting
that AlexNet-LSTM has captured more fundamental features associated with the disease-
induced structural variations than GoogLeNet-LSTM, even though it is still unclear whether
these features are spatial or temporal. A similar finding is also observed in Figure 8d, where
the ROC curves for D1 and D2 at Level 2 difficulty clearly demonstrate a substantial
superiority of AlexNet-LSTM (solid lines) over GoogLeNet-LSTM (dashed lines).

3.4. Sequential Effects in Classification
3.4.1. Time Shifting in Video Classification

Considering that the LSTM network learns sequential information from the videos,
we wish to test how the diagnostic ability of the CNN-LSTM networks varies if the 2 s test
video clips were shifted by 1 s. To accomplish this, the Level 1 video clips were shifted by
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1 s (i.e., L1-1s) and retested, with the resulting performance matrices listed in Tables 1 and 2.
For AlexNet-LSTM, the classification on L1-1s is perfect in each matrix, mirroring the
results obtained from L1 video samples. For AlexNet-LSTM, the difference is less than 2%
for all matrices considered, indicating that shifting the test videos by 1 s has an insignificant
impact on one classification result. Also note that in this study, videos were acquired at
constant flow rates, generating similar, if not time-invariant, flow features; thus, shifting
one 2 s video by 1 s does not add or reduce information and should not significantly affect
the classification results.
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3.4.2. Videos vs. Still Images

To assess the effects of using videos and still images on classification performance,
each video clip was split into still images and was trained and tested using AlexNet and
GoogLeNet (without LSTM). Figure 9a shows the resultant classification accuracies in
comparison to their LSTM counterparts, tested on L1 and L2 datasets. Detailed image
classification matrices for AlexNet and GoogLeNet are listed in Tables 3 and 4, respectively.
For both levels (L1 and L2), video classifications outperformed classifications with still
images. Similar to video classifications, AlexNet slightly outperforms GoogLeNet on
images, especially on Level 2 acquired with a larger flow deviation (10 L/min vs. baseline
of 20 L/min).

Table 3. Three-class classification performance matrices of AlexNet on still images with varying
levels of exhalation breathing deviations (L0: level 0, or no deviation; L1: level 1; L2: level 2).

All D0 D1 D2

(%) Accu Prec Sens Spec F1-S Prec Sens Spec F1-S Prec Sens Spec F1-S

L0 100 100 100 100 100 100 100 100 100 100 100 100 100
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Table 4. Three-class classification performance matrices of GoogLeNet on still images with varying
levels of exhalation breathing deviations (L0: level 0, or no deviation; L1: level 1; L2: level 2).

All D0 D1 D2

(%) Accu Prec Sens Spec F1-S Prec Sens Spec F1-S Prec Sens Spec F1-S

L0 100 100 100 100 100 100 100 100 100 100 100 100 100

L1 82.1 100 100 100 100 57.3 86.3 80.8 68.9 88.3 61.6 94.9 72.6

L2 66.7 100 100 100 100 50.1 90.7 54.7 64.5 50.5 9.5 95.4 16.0

Figure 9b compares the video- and image-based ROC profiles at various threshold
settings for the classification task at Level 2 difficulty. It is observed that for AlexNet
networks, the video inputs consistently have a higher true positive rate across almost all
false positive rates, indicating better performance. The lines for video inputs (solid lines)
are generally above those for image inputs (dashed lines), with D0 having the highest
performance (closest to the top-left corner), followed by D1 and D2. More complex trends
are observed for GoogLeNet networks, with ROC curves mingling between videos and still
images. In comparison to the AlexNet ROC curves closer to the top-left corner of the graph,
GoogLeNet’s ROC curves are closer to the diagonal of the graph, suggesting an overall
lower performance of GoogLeNet models when tested at Level 2 difficulty.

The areas under the curve (AUCs) of the ROC curves in Figure 9b are shown in
Figure 10b. Considering AlexNet, a much higher AUC value is noted for D0 with video
inputs compared with still images, while insignificant differences between videos and
images are noted for D1 and D2, which lead to a cumulatively better performance with
videos than images. On the other hand, when tested at Level 2 difficulty, GoogLeNet gives
an equivalent AUC on D0 images but lower AUC values on D1 and D2 imaging, leading to
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an overall inferior classification for videos than still images, consistent with a lower video
accuracy in Figure 9a and intermingling video/image ROC curves in Figure 6b.
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3.5. CNN Learned Spatial Features from Still Images
3.5.1. AlexNet

In machine learning, particularly in the field of computer vision, an occlusion sen-
sitivity map is a technique used to understand which parts of an input image are most
important for a neural network’s predictions (Figure 10). This is carried out by systemati-
cally occluding (covering up) different parts of the input image and then measuring how
much the network’s predictions change. If a small occlusion causes a significant change in
the prediction, the occluded area is likely important for the network’s decision making.

The upper row of Figure 10 compares the occlusion sensitivity map obtained from
AlexNet. The heat map for a normal lung (D0) is only observed at the mouth opening and
is less pronounced than those in D1 and D2 (Figure 10a vs. Figure 10b,c), indicating fewer
areas of high sensitivity. This is consistent with the expectation that a normal lung would
not exhibit significant features indicative of asthma and that AlexNet relies mainly on flow
features at the mouth opening, concluding that the lung is normal. The occlusion map in
Figure 10b shows a more pronounced heat map around 5 cm downstream of the mouth
opening, signifying the flow region where occlusion has a defining impact in identifying
D1 (mild asthma). A double-zone heat map is observed for D2, indicating that the model
finds more variations in the flow features, when occluded, substantially affecting its ability
to recognize severe asthma.

3.5.2. GoogLeNet

Distinct patterns in the occlusion sensitivity map are found in GoogLeNet compared
to AlexNet (lower row vs. upper row, Figure 10). No focused heat map is found in the
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lower panel of Figure 10a, indicating that GoogLeNet is not particularly sensitive to any
specific occlusions, reflecting that the flows from the normal lung do not contain strong
features associated with asthma. In mild asthmatic cases (D1, lower panel, Figure 10b),
the sensitivity map starts to show areas where occlusions change the model’s predictions,
highlighting the flow patterns related to the mild asthmatic features. For severe asthmatic
cases (D2, lower panel, Figure 10c), the occlusion sensitivity map shows a more focused heat
map, indicating a strong sensitivity of GoogLeNet to occlusions in this area in identifying
severe asthma.

4. Discussion

By leveraging CNN’s feature extraction with LSTM’s sequence learning, this study
evaluated the feasibility of using exhaled flows to detect constrictive lung diseases and stage
the disease severity. Interesting differences were observed regarding the performances
of AlexNet-LSTM vs. GoogLeNet-LSTM, video-based vs. image-based classification, and
the proposed flow-based diagnostic method vs. previous techniques, as discussed below
in detail.

4.1. AlexNet-LSTM vs. GoogLeNet-LSTM

High performances were obtained with AlexNet-LSTM in three-class classification
across all flow conditions (Level 0–2). The network was trained on Level 0 (baseline,
20 L/min) test videos, which achieved 100% classification for the three categories (D0, D1,
D2) across all metrics—accuracy, precision, specificity, sensitivity, and F1-Score. A similar
perfect score was maintained for Level 1 test videos (15 L/min), which were acquired at
15 L/min. Even when the Level 1 video clips were shifted by 1 s, the hybrid AlexNet-LSTM
performance remained unchanged, upholding its 100% classification across all metrics
(Table 1). However, a decline was noted at Level 2 difficulty (i.e., videos acquired at
10 L/min), with the accuracy tapered to 72.8%, sensitivity to 72.7%, specificity to 86.4%,
and F1-Score to 71.6.0% (Figure 6 and Tables 1 and 3). The F1 score merges Precision
and Recall into one metric, providing a comprehensive measure of a binary classification
model’s effectiveness. A high F1 score reflects robust overall performance, indicating the
model’s proficiency in accurately identifying positive cases with a low rate of both false
positives and false negatives. Despite the large deviation in Level 2 flow rate from the
baseline (i.e., 10 L/min vs. 20 L/min), the hybrid AlexNet-LSTM network still provides
adequate classification performance, indicating a robust model for lung disease diagnosis
from exhaled flow videos.

At Level 0 difficulty, both the GoogLeNet-LSTM and AlexNet-LSTM networks achieved
perfect performance, suggesting that either model could be selected without preference
when analyzing test videos recorded under optimal breathing conditions. From Level 1
(15 L/min), GoogleNet-LSTM started to show a reduction in categorical precision (73.1%
for D0) and sensitivity (78.1% for D3), indicating an increased rate of false positives and
false negatives, even though its combined accuracy remained high (91.5%, Table 2). On the
other hand, AlexNet-LSTM continued to perform perfectly at Level 1, even when the test
video clips shifted by 1 s.

The real challenge for both networks arose at Level 2 difficulty (10 L/min). Both
networks showed significantly lower accuracy and categorical F1 scores (Tables 1 and 2 and
Figure 8), indicating that an increased flow deviation challenged their ability to capture the
morphology-related information, leading to increased false positives. The performance of
GoogleNet-LSTM showed a more noticeable decline compared to that of AlexNet-LSTM;
thus, the AlexNet-LSTM network was more robust to flow rate uncertainties for this
classification task, despite GoogLeNet having a more complex architecture and deeper
layers than AlexNet. Neither network was able to maintain its Level 0 performance as the
flow rate deviated from the training set condition, highlighting the necessity of breath tests
under standardized breathing conditions during video acquisition.
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4.2. Video-Based vs. Image-Based Classifications

In this study, we compared the performance matrices between video-based and image-
based classification tasks on three testing datasets with increasing levels of difficulty
(i.e., baseline 20 L/min, 15 L/min, and 10 L/min), as listed in Figure 9 and Tables 1–4.
When trained and tested on the baseline dataset, both video and image classifications gave
100% accuracy, suggesting that the spatial features extracted from images were sufficient
to distinguish the disease state, even without resorting to temporal features. In other
words, both the CNN-LSTM and CNN-only networks succeeded in capturing disease-
sensitive features.

However, when the acquisition flow rate deviated from the baseline, the advantage of
sequence learning became noticeable. Considering AlexNet, the video-based accuracy is
3.1% higher at Level 1 difficulty (100% vs. 96.9%, Figure 9a) and is 6.0% higher at Level 2
difficulty (72.8% vs. 66.8%). Three points are noteworthy. First, video classification outper-
formed image classification at both levels, and the advantages of sequence learning became
more obvious when tested on more adverse conditions. Second, for this classification
task, sequence learning exerted a larger positive effect on AlexNet than on GoogLeNet,
as illustrated in Figure 9b. Thirdly, videos were acquired under constant exhalation flow
conditions, and the temporal flow features, despite their fluctuation, were statistically
temporally invariant (analogous to oscillations over a horizontal line). This explained the
improved accuracies of CNN-LSTM over CNN, yet with an insignificant magnitude. It is
envisioned that videos of exhaled flows under tidal flow conditions contain more temporal
information, and an even larger enhancement in classification performance is expected
from CNN-LSTM networks than their CNN counterparts.

4.3. Lung Diagnosis Using Exhaled Flows vs. Other Methods

Impulse oscillometry (IOS) utilizes low-frequency sound waves (5–20 Hz) to measure
the mechanical properties of the airway, including resistance (R), compliance (C), and
inertia (I). As the wave passes into the lungs, it causes pressure changes in the flow of
the air. The frequency-specific properties will help locate the disease site, i.e., the high
frequency being related to the upper, large airways and the low frequency to lower, small
airways [52]. However, further evidence is required to establish its clinical utility [53].
In vitro studies of IOS were often limited by the rigid 3D-printed lung casts that excluded
the compliance of the lung [22]. Even with the recent advent of 3D printing techniques
allowing elastic materials, preparing a mouth–lung replica cast that realistically simulates
the site-dependent compliance of the respiratory system is still highly challenging, if not
impossible. By contrast, exhaled-flow videos contain more information than the single
values of resistance/compliance/inertance provided by IOS. Particularly, time-dependent
information can reveal instantaneous interactions between the exhaled flows and the
respiratory tract structure, yielding quick, time-varying flow fields and vortex dynamics. As
shown in Figures 3–5, different disease states (D0–2) generated distinct patterns of flows and
vortices, manifested as differences in the flow plume penetration length, vortex complexity,
and vortex decay rate. Either by handcrafting features with known disease correlation
or leveraging CNN’s automatic feature extraction, the time-varying flow characteristics
promise to disclose more information about lung health, especially the disease site, location,
and severity.

The aerosol bolus disperser technique (ADB) also utilizes time-varying information
on exhalation flows but is limited to the variation in aerosol concertation vs. expiratory
flow volume. This technique is an ensemble approach that integrates transient flow-aerosol
variations into a single parameter (aerosol concentration). Thus, combining these methods,
which consider both the aerosol concentration and the instantaneous flow/vortex dynamics,
is expected to provide a more effective synergic tool for lung diagnosis.

Breathomics analyzes exhaled gases (volatile and nonvolatile) or condensates and has
been proven to be effective in detecting the presence and severity of certain diseases [54,55].
This method relies on the variation in breath metabolites that can indicate various disease
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states, not the airway structural remodeling. Thus, the flow-based method proposed
in this study can act as a complementary tool to the breathomics approach in detecting
respiratory pathologies by looking into variations in both lung tissue metabolism and
airway morphology/integrity.

In the past several years, we also explored the usages of 2D images of exhaled aerosol
distributions collected on filters at the mouth opening for obstructive lung diagnosis using
either handcrafted features [51,56] or CNN networks [57,58]. These methods are similar to
the newly proposed technique hereof in that both approaches leverage the unique flow-
aerosol dynamics after interacting with a remodeled lung structure. The difference lies in
the fact that filter-collected aerosol images are stationary, 2D, and cumulative in nature,
while the videos of exhaled flows and entrained aerosols are dynamic, 3D, and time-varying,
whose wealth of information promises to better reveal the underlying lung diseases.

Foreseeable obstacles exist to this newly proposed lung diagnostic method. First, the
sensitivity of exhaled flows to airway remodeling, as well as its impact on classification
accuracy, has not yet been explored, particularly when the airway remodeling is small in
size. Second, the airway remodeling was in the right upper (UR) lobe in this study. The
classification task can be more challenging when the remodeling occurs in small airways.
However, it is also noted that high classification accuracies were obtained with the UR
lobar constrictions, even when the acquisition flow rates deviated from baseline by 50%. It
is thus still very likely to achieve the desired diagnostic accuracy for small airway diseases
by following recommended protocols, including the recommended flow maneuver.

4.4. Limitations and Future Studies

This study can be further improved by several factors. First, constant flow rates
are used during video recording in this feasibility exploratory study. Tidal flows with a
prescribed breathing maneuver will be more clinically relevant and yield more complex,
temporally varying flow patterns [48,59]. The overall fluctuating but temporally invariant
flow patterns explained the marginal improvement in the hybrid CNN-LSTM approaches
using videos over their CNN counterparts using still images. The LSTM’s sequence
learning is expected to take in more information on the flow evolution within the exhalation
cycle and aid the classification of the disease states. Second, the mouth–lung casts were
made from rigid materials and did not consider tissue compliance or dynamic structures
during respiration, like the lip, tongue, glottis, and pharynx, which can modify expiratory
flow dynamics [60–65]. Having said that, it is also noted that as long as the videos are
acquired in a consistent manner (i.e., disease state being the sole variable with all other
influencing factors fixed), the classification results will be sufficiently indicative of the
method’s feasibility while significantly reducing the experimental complexity. Only one
patient’s lung model was considered; including more lung models can inform us about the
intersubject variability. The training dataset contained 224 video clips, equaling 13,440 still
images. Increasing the sample size will enable the networks to learn more disease-sensitive
features and thus have the potential to increase the classification performance further.
Finally, only two pre-trained CNN models (AlexNet and GoogLeNet) were considered
based on their proven superior performance vs. relative simplicity [49,50]. To identify one
optimal CNN for this classification task, more recent approaches need to be evaluated,
which are either with more advanced architectures and deeper layers, such as ResNet50 [66]
and VGG19 [67], or with simpler architectures and being more time efficient, such as
MobileNet [68] and EfficientNet [69].

5. Conclusions

This study evaluated the feasibility of using the video classification of exhaled flows
for lung diagnosis by leveraging LSTM’s sequential learning capacity and CNN’s automatic
feature extraction. The results showed that video inputs were observed to give higher diag-
nostic accuracies than image inputs. The AlexNet-LSTM network slightly outperformed
the GoogleNet-LSTM network and was robust to reasonable breathing deviations during
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data acquisition. The union of deep learning and physiology-based in vitro modeling is
promising to disclose anomaly-sensitive features amenable to non-invasive lung diagnosis.
It was noted that this study used in vitro lung models with constant exhalation, which
had the advantage of controlled asthmatic constrictions. Future studies were needed to
consider the more physiologically realistic scenarios such as tidal breathing, compliant
airways, and varying disease sites.
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