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ABSTRACT:Aspiration pneumonia is a type of lung infection caused by the accidental inhalation of foreign substances into the respiratory
tract. It is commonly seen in the elderly, young children, and individuals who are unconscious or have difficulty swallowing. Early
detection and diagnosis of aspiration pneumonia are beneficial for improving patient outcomes and reducing the medical burden. In this
study, we collected bronchoscopic video data from 25 patients in two hospitals. After image preprocessing and expert annotation, we
obtained 2830 images from some patients for training and 1215 images from the other patients for validation. We selected three deep
learning methods for training. The experimental test results for the identification of aspiration pneumonia showed that ResNet-50, which
is based on convolutional operations, gave the best performance in the automatic identification of aspiration pneumonia, with a precision
of 97.82%, a recall of 91.82%, an F1 score of 94.73%, and an overall accuracy of 95.88%. The experiments demonstrated that deep
learning methods can be used for the automatic identification and diagnosis of aspiration pneumonia from bronchoscope images and
deep learning is reported here for the first time for diagnosing aspiration pneumonia from bronchoscope images.

1. INTRODUCTION

Aspiration pneumonia is a type of pneumonia that occurs
when substances such as oropharyngeal secretions, gas-

tric contents, or other foreign materials (e.g., food, liquids,
vomit, or chemical agents) are inadvertently inhaled into the
lower respiratory tract due to impaired swallowing function, al-
tered consciousness, or other underlying conditions. It can lead
to pulmonary inflammation or infection and is clinically clas-
sified into chemical pneumonitis or bacterial pneumonia [1].
Community-acquired pneumonia (CAP) is highly prevalent
worldwide, and studies suggest that aspiration may be a con-
tributing factor to CAP, particularly among the elderly popu-
lation [2]. Several reports indicate that aspiration pneumonia
is commonly observed in CAP patients, with an estimated in-
cidence ranging from 5% to 15% [3–5]. In China, the inci-
dence of aspiration pneumonia among hospitalized elderly pa-
tients aged≥ 55 and≥ 60 years has been reported to be 13.4%
and 14.0%, respectively [6]. However, the diagnostic criteria
for aspiration pneumonia (AP) have not been universally es-
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tablished. Therefore, an effective method for diagnosing aspi-
ration pneumonia could contribute significantly to advancing
research and treatment strategies for CAP.
Chemical pneumonitis is a form of chemical injury caused by

the inhalation of sterile gastric contents, and it is also referred to
as Mendelson’s syndrome. It typically occurs in patients with
impaired consciousness, such as those experiencing drug over-
dose, seizures, cerebrovascular accidents, or following the ad-
ministration of anesthetics. Clinically, it presents with sudden-
onset dyspnea, hypoxemia, tachycardia, and diffuse wheezing
or crackles upon auscultation. Chest radiographs often reveal
abnormalities, and patients may develop acute respiratory dis-
tress syndrome (ARDS). Bacterial pneumonia is an infectious
process resulting from the aspiration of oropharyngeal secre-
tions colonized by pathogenic microorganisms. It is commonly
observed in individuals with dysphagia, particularly the elderly
and residents of long-term care facilities. Clinical manifesta-
tions typically include fever, cough, sputum production, and
physical signs of pneumonia [7].
Currently, there is no universally accepted definition for the

diagnosis of aspiration pneumonia (AP). Diagnosis is primar-
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ily based on clinical history, risk factors, and pulmonary imag-
ing findings [7]. Clinically, patients often present with recur-
rent fever, cough, sputum production, and signs of pulmonary
consolidation or moist rales on auscultation [8]. Imaging stud-
ies typically reveal new inflammatory infiltrates in the lungs,
with the distribution of lesions closely related to the patient’s
position at the time of aspiration [9–11]. In the early stages,
radiographic findings may be negative. Characteristic imag-
ing features include infiltrates in gravity-dependent lung seg-
ments (such as the superior segment of the lower lobe or the
posterior segment of the upper lobe in supine patients, and the
basal segments of the lower lobes in upright patients) with a
higher prevalence in the right lung [9–11]. Fiberoptic bron-
choscopy is a valuable diagnostic tool for aspiration pneumo-
nia [12]. The identification of aspirated materials (such as food
particles, vomitus, foreign bodies, gastric fluid, or bile) dur-
ing bronchoscopy provides strong evidence for the diagnosis of
AP. Additionally, the presence of mucosal abnormalities such
as hyperemia, edema, hemorrhage, or erosion in the trachea,
mainstem bronchi, or segmental bronchi, when combined with
known risk factors (e.g., impaired consciousness, dysphagia,
periodontal disease, or poor oral hygiene) [13–17], and inter-
preted in reference to established diagnostic criteria [18], may
also support a diagnosis of aspiration pneumonia. Due to its
complex clinical presentation and overlap with other types of
pneumonia, along with the presence of multiple predisposing
factors (whose exact contributions to the onset of AP remain
unclear) aspiration pneumonia is frequently underdiagnosed or
misdiagnosed, posing challenges for early and accurate diag-
nosis [19]. Some studies have explored the use of biomarkers
in diagnosing AP. For instance, El-Solh et al. [20] investigated
serum procalcitonin levels as a potential marker but found that it
failed to distinguish between patients with aspiration pneumo-
nia confirmed by positive quantitative bronchoalveolar lavage
(BAL) cultures and those with negative cultures. Suzuki et
al. [21] found no significant correlation between elevated amy-
lase levels in BAL and aspiration risk factors, and thus could not
establish a definitive link between this phenomenon and aspira-
tion pneumonia. Diagnostic criteria for differentiating between
bacterial pneumonia and chemical pneumonitis have been pro-
posed by the Infectious Diseases Society of America (IDSA)
and the British Thoracic Society (BTS) [22, 23]. However, a
study by Delforge et al. [24] concluded that these criteria were
suboptimal for making such distinctions and may have adverse
implications for patient management in subsequent stages of
treatment.
In recent years, with the rapid advancement of deep learn-

ing [25–28] and computer vision technologies, computer-aided
diagnosis (CAD) systems have been widely applied in medical
image analysis. Dysphagia is recognized as a major cause of
AP [29], and current CAD-based research aimed at predicting
AP often focuses on the assessment of dysphagia. Zhuang et
al. [30] developed multiple machine learning models for the
identification of AP, achieving classification accuracies rang-
ing from 69.2% to 88.5%. Sejdic et al. [31] proposed aBayesian
classification approach based on swallowing accelerometry
recordings for the detection of dysphagia, reporting an accu-
racy exceeding 90% in distinguishing between healthy swal-

lows and aspiration events. Weng et al. [32, 33] developed
a system that utilizes convolutional neural networks (CNNs)
to automatically detect signs of aspiration from flexible en-
doscopic evaluation of swallowing (FEES) videos, achieving
an accuracy of over 92% and demonstrating its effectiveness
in enhancing diagnostic accuracy among resident physicians.
Miura et al. [34] introduced a method based on B-mode video
ultrasonography (BV-US), assisted by image processing, to de-
tect aspiration events, with an accuracy of 92%. Sarraf Shi-
razi et al. [35] applied an unsupervised fuzzy k-means cluster-
ing algorithm to classify post-swallowing respiratory sounds as
aspiration or non-aspiration. When compared with assessments
by speech-language pathologists using FEES/VFSS, the system
achieved a silent aspiration detection accuracy exceeding 86%.
Subsequently, in a follow-up study [36], respiratory sounds im-
mediately after swallowingwere analyzed using phase space re-
construction and then classified via an SVM model to identify
patients at high risk of aspiration, yielding an accuracy of 86%.
Lee et al. [37] proposed a novel approach using an Inflated 3D
Convolutional Network (I3D) to detect the pharyngeal phase of
swallowing in videofluoroscopic swallowing studies (VFSS),
achieving an accuracy of over 93%.

2. DEEP LEARNING FOR IMAGE CLASSIFICATION
Deep learning-based image classification techniques play a piv-
otal role in the field of endoscopic imaging. In the task of clas-
sifying endoscopic images related to pneumonia, deep learn-
ing models, such as convolutional neural networks (CNNs) and
attention-based mechanisms, can automatically learn discrimi-
native features from medical images. For instance, by training
on large datasets of annotated normal and pathological endo-
scopic images, thesemodels can effectively identify differences
in texture, color, and structural patterns of tissues, thereby en-
abling accurate differentiation between normal and abnormal
images. Mainstream deep learning models for image classifi-
cation include ResNet, EfficientNet, and DeiT. The following
section provides a brief overview of each of these models.
ResNet [38] (Residual Network) pioneered the development

of deep convolutional neural networks by introducing the con-
cept of residual connections. Traditional deep neural networks
often suffer from issues such as vanishing gradients and perfor-
mance degradation as the number of layers increases. ResNet
addresses these challenges by enabling the network to learn
residual functions — i.e., the difference between the input and
the desired output— rather than directly fitting a mapping from
input to output. This approach effectively mitigates gradient
vanishing problems and makes it feasible to train very deep
networks. Structurally, ResNet is composed of multiple resid-
ual blocks, each consisting of convolutional layers, batch nor-
malization, and nonlinear activation functions. These resid-
ual blocks can extract multi-level image features, ranging from
low-level features such as edges and textures to high-level se-
mantic and abstract representations. There are two types of
residual blocks in ResNet, as illustrated in Figure 1. The basic
residual block is used in shallower architectures like ResNet-
18 and ResNet-34, while the bottleneck residual block is em-
ployed in deeper networks such as ResNet-50, ResNet-101, and
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(a) (b)

FIGURE 1. The structure of residual blocks in ResNet. (a) Basic residual block. (b) Bottleneck residual block.

(a)

(b)

FIGURE 2. The MBConv structure and SE module. (a) MBConv. (b) Squeeze-and-Excitation (SE) module.

ResNet-152. In a basic residual block, the input feature map
passes through two 3 × 3 convolutional layers with nonlinear
activations, and the output is added element-wise to the orig-
inal input feature map to form the final output. The bottle-
neck residual block is named for its characteristic “bottleneck”
shape, where the number of channels is reduced at the begin-
ning and end but expanded in the middle. In this structure, the
input feature map first passes through a 1 × 1 convolution +
ReLU activation, followed by a 3 × 3 convolution + ReLU,
and finally through another 1 × 1 convolution to expand the
number of channels. A parallel 1 × 1 convolution is also ap-
plied to the shortcut path to match the dimensionality before the
element-wise addition of the two paths.
EfficientNet [39] is a high-performance image classifica-

tion network known for its balanced scaling of network width,
depth, and resolution to achieve optimal efficiency. Unlike

traditional approaches that enhance performance by simply in-
creasing the number of layers or the width of the network, Effi-
cientNet employs a compound scaling method, which propor-
tionally increases various dimensions of the network according
to a fixed scaling factor. This approach enhances the accuracy
of the model while maintaining its efficiency and scalability.
EfficientNet-B0 serves as the baseline model. Variants such
as B1 through B7 are derived by adjusting the scaling coeffi-
cients to accommodate different computational resources and
task requirements. The network architecture of EfficientNet is
realized by stacking multiple MBConv modules. MBConv is
an inverted residual bottleneck structure with depth wise sepa-
rable convolution. As shown in Figure 2, the input feature map
first passes through a 1 × 1 convolutional layer followed by a
batch normalization (BN) layer. It then goes through a depth
wise convolution with a kernel size of k × k and a BN layer.
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(a) (b)

FIGURE 3. Self-attention mechanism and DeiT network architecture. (a) Self-attention. (b) Data-efficient image Transformers (DeiT).

The Squeeze-and-Excitation (SE) module is used to enhance
the weights of the channels of interest. After that, the feature
map passes through another 1×1 convolutional layer followed
by BN and Dropout layers. Finally, the output feature map is
added to the input feature map to obtain the final output. The
Squeeze-and-Excitation (SE) module is widely used in convo-
lutional neural networks to enhance the weights of the chan-
nels of interest. The feature maps input to the SE module are
first subjected to average pooling to obtain a one-dimensional
vector representing different channels. Subsequently, they pass
through a fully connected layer 1, a Swish activation function,
a fully connected layer 2, and a Sigmoid function to obtain the
weights for each channel. Finally, these weights are multiplied
with the feature maps input to the SE module to enhance the
weights of the channels of interest.
With the successful application of self-attention mechanisms

in natural language processing tasks, the Vision Transformer
(ViT) emerged as the first image classification network to rely
solely on self-attention, without any convolutional operations.
The self-attention computation process is illustrated in Fig-
ure 3(a). The input data is projected through linear layers to
generate the Query, Key, and Value vectors. The Query is then
multiplied by the transposed Key, followed by a scaling opera-
tion to stabilize the computation. The result is passed through
a softmax function and multiplied by the Value, then further
processed through a linear layer and a Dropout layer to pro-
duce the final output. While traditional convolutional neural
networks (CNNs) can achieve excellent performance with pre-
training on the ImageNet dataset (containing 1.3million im-
ages), ViT requires substantially larger datasets — such as
JFT-300M, which is approximately 230 times the size of Im-
ageNet — and more training iterations to reach comparable
classification performance. Data-efficient image Transformers
(DeiT) [40] represent an efficient image classification archi-
tecture that introduces a novel knowledge distillation mecha-
nism, marking a significant breakthrough in the application of
Transformer-based models to computer vision tasks. As shown
in Figure 3(b), during training, a pre-trained teacher network

(typically a CNN) is used to guide a smaller student network
(DeiT). The teacher’s prediction is derived from a distillation
token, while the student’s classification is determined by a class
token. This approach does not introduce additional compu-
tational cost and enables DeiT to learn effectively even from
small-scale datasets. DeiT partitions the input image into mul-
tiple fixed-size patches, which are then converted into embed-
ding vectors via a linear projection (referred to as patch to-
kens in Figure 3(b)). These patch tokens are passed through
a series of self-attention layers and feed-forward networks to
extract high-level representations. The final classification re-
sult is obtained from the class token. DeiT generally employs
multi-head self-attention mechanisms, which effectively cap-
ture global dependencies among image patches and allow the
network to learn robust and expressive image representations.

3. LOSS FUNCTION AND EVALUATION METRICS
In image classification tasks, cross-entropy loss is the most
used loss function. It measures the difference between the pre-
dicted probability distribution and the true probability distribu-
tion, serving as an indicator of the model’s prediction accuracy.
A smaller cross-entropy value indicates that the predicted dis-
tribution is closer to the true distribution, whereas a larger value
suggests greater divergence between the two. Given a true dis-
tribution P (the ground truth) and a predicted distribution Q
(the model’s output), the cross-entropy is defined as:

H (P,Q) = −
∑

i=0
P (i) logQ (i) (1)

For binary classification tasks, the cross-entropy loss function
can be simplified as:

L = − [y log ŷ + (1− y) log (1− ŷ)] (2)

Here, L denotes the loss; y represents the ground truth label,
taking a value of 0 or 1; ŷ represents the predicted probability,
ranging between (0, 1). The closer ŷ is to 1, the more accu-
rate the network’s prediction. When using the cross-entropy
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FIGURE 4. Bronchoscopic images of pulmonary mucosa: The top row shows normal images, while the bottom row displays images of pneumonia.

loss function, the neural network is encouraged to learn in a di-
rection that maximizes the distinction between correct and in-
correct labels. However, when the training data is limited and
cannot sufficiently represent all sample characteristics, this can
lead to overfitting. To address this issue, image classification
networks based on the self-attention mechanism often adopt la-
bel smoothing loss, a regularization strategy. Label smoothing
works by applying a “soft” one-hot encoding that introduces
noise into the labels, reducing the weight assigned to the true
class during loss computation. This technique helps to suppress
overfitting by preventing the model from becoming overconfi-
dent in its predictions.
In image classification tasks, commonly used evaluation

metrics include precision (P), recall (R), F1-score, and overall
accuracy [41]. For predicted labels and ground truth labels, TP
represents the number of correctly predicted positive samples,
FP represents the number of incorrectly predicted positive sam-
ples, FN represents the number of incorrectly predicted nega-
tive samples, and TN represents the number of correctly pre-
dicted negative samples. For binary classification tasks, P, R,
F1-score, and overall accuracy can be calculated using Equa-
tions (3) to (6).

P =
TP

TP + FP
(3)

R =
TP

TP + FN
(4)

F1-score =
2× P ×R

P +R
(5)

Overall accuracy =
TP + TN

TP + TN + FP + FN
(6)

4. EXPERIMENTAL RESULTS
In this experiment, we collected bronchoscopic video data from
25 patients at Taizhou Hospital and Enze Hospital, both affili-
ated with Taizhou Enze Medical Center in Zhejiang Province.
The bronchoscopes used were the PL-F520 and EB260R mod-
els, manufactured and commercialized by ourselves (Zhejiang

UE Medical Instrument Co., LTD, Zhejiang, China). Initially,
the bronchial mucosal video data were preprocessed by extract-
ing 3 frames per second and cropping the edges of the images to
obtain clean bronchial mucosal images. Subsequently, a chief
physician with over 15 years of clinical experience in respira-
tory medicine and a chief physician in critical care medicine
classified and reviewed the images based on the patients’ medi-
cal history, clinical symptoms, risk factors, laboratory tests, CT
imaging, and bacteriological culture of bronchoalveolar lavage
fluid, in accordance with clinical diagnostic criteria. A total
of 4045 images were obtained. Figure 4 shows the bronchial
mucosal images under the bronchoscope, with the first row dis-
playing normal images and the second row showing images of
patients with aspiration pneumonia. In the second row, the first
two images of aspiration pneumonia show bleeding, while the
last two images show edema.
In Table 1, there are a total of 1627 images of pulmonary mu-

cosa with pneumonia and 2418 images of normal pulmonary
mucosa. The dataset was randomly shuffled and divided ac-
cording to a training-to-validation ratio of 7 : 3. After the split,
the training set contains 2830 images, and the validation set
contains 1215 images. In the training set, there are 1138 images
of pulmonary mucosa with pneumonia and 1692 images of nor-
mal pulmonary mucosa. In the test set, there are 489 images of
pulmonary mucosa with pneumonia and 726 images of normal
pulmonary mucosa. The test set of images were from patients
whose images have never been used for training but was solely
employed to evaluate and test the model’s performance.

TABLE 1. Image distribution of training and validation sets for pneu-
monia classification.

training set test set total
pneumonia 1138 489 1627
normal 1692 726 2418
total 2830 1215 4045

The hardware experimental setup for training all models is
as follows: the GPU used is NVIDIA GeForce RTX 4090 with
24GB of memory, the CPU is Intel(R) Xeon(R) Silver 4210R
with a clock speed of 2.4GHz and 38 cores, and the memory is
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FIGURE 5. Loss curves during the training of DeiT-base with varying batch sizes (denoted as “bs”).

FIGURE 6. Confusion matrices of the optimal DeiT-base models trained with different batch sizes.

TABLE 2. Experimental results of the best-performing DeiT-base models under different batch sizes.

batch size GPU memory/M precision/% recall/% F1 score/% overall accuracy/%
16 3958 83.46 46.42 59.66 74.73
32 5996 85.02 42.94 57.07 73.99
64 9558 79.94 53.78 64.30 75.97
128 17032 85.07 38.45 52.96 72.51

128GB. The operating system is Ubuntu version 22.04.5, with
Pytorch version 2.3.1 and CUDA version 11.8. The training
code utilizes the mmpretrain library [42], version 1.2.0, and the
model’s hyperparameters are set using the default settings from
the mmpretrain library. No pre-trained models were used dur-
ing training; all models were trained from scratch. The mean
and standard deviation of the three RGB channels of the en-
tire dataset were calculated for data normalization, resulting in
RGB means of 139.4, 102.87, 95.98, and RGB standard devia-
tions of 47.83, 40.05, 36.73.
Due to the successful application of the self-attention mech-

anism in natural language processing and large models, this
study first utilizes DeiT-base for training and validation. DeiT
employs only the self-attention mechanism. During the data
preprocessing stage, the original images are randomly scaled
and cropped to a size of 224×224, with horizontal flipping ap-
plied as a data augmentation technique. The hyperparameters
for the training process are as follows: the number of epochs

is set to 300, the optimizer for model parameters is the cosine
annealing method, the initial learning rate is set to 0.001, and
the loss function used is LabelSmoothLoss. To maximize GPU
memory utilization and select an optimal batch size, the batch
sizes used for training EfficientNet-B2 are 16, 32, 64, 128. The
loss curve is shown in Figure 5.
As shown in Figure 5, regardless of the batch size, the DeiT-

base model fails to converge during training. This is primar-
ily attributed to the limited size of the training dataset, which
contains only 2830 images. As discussed in Section 2, Vi-
sion Transformer (ViT)-based models that rely solely on self-
attention mechanisms typically require large-scale pretraining
on massive datasets to achieve satisfactory performance. Al-
though DeiT introduces a distillation strategy to alleviate this
issue, the teacher network was not pretrained in this study.
Consequently, training the DeiT-base model from scratch led
to non-convergent behavior. Figure 6 illustrates the confusion
matrices of the best-performing DeiT-base models trained with
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FIGURE 7. Loss curves of EfficientNet-B2 during training under different batch sizes (bs denotes batch size).

FIGURE 8. Confusion matrices of the best-performing EfficientNet-B2 models under different batch sizes during training.

TABLE 3. Experimental results of the best-performing EfficientNet-B2 models with different batch sizes.

batch size GPU memory/M precision/% recall/% F1 score/% overall accuracy/%
8 2892 95.65 85.48 90.28 92.59
16 4630 92.86 90.39 91.61 93.33
32 8552 95.12 87.73 91.28 93.25
64 16432 94.86 90.59 92.68 94.24

various batch sizes. Based on the calculated performance met-
rics presented in Table 2, the optimal diagnostic performance
for pneumonia was achieved when the batch size was set to
64, with a precision of 79.94%, recall of 53.78%, F1-score of
64.30%, and an overall accuracy of 75.97%.
EfficientNet-B2 was employed for model training and val-

idation in this study. During data preprocessing, the original
bronchoscope images were randomly scaled and cropped to
260× 260 pixels, followed by horizontal flipping for data aug-
mentation. The training process utilized SGD as the optimizer,
with the number of epochs set to 300, an initial learning rate
of 0.1, and the cross-entropy loss function. To maximize GPU
memory utilization and explore optimal batch size configura-
tions, batch sizes of 8, 16, 32, and 64 were tested. The corre-
sponding loss curves are illustrated in Figure 7.
Figure 8 illustrates the confusion matrices of the best-

performing EfficientNet-B2 models trained with different
batch sizes. Based on the results, the evaluation metrics sum-

marized in Table 3 were calculated. When the batch size was
set to 64, the model achieved the best diagnostic performance
for pneumonia, with a precision of 94.86%, recall of 90.59%,
F1 score of 92.68%, and an overall accuracy of 94.24%.
Finally, ResNet-50was employed for training and validation.

During the data preprocessing stage, the original images were
randomly scaled and cropped to a size of 224 × 224, and data
augmentation was achieved by performing horizontal flipping.
The hyperparameters for the training process were set as fol-
lows: the number of epochs was set to 300, the model parame-
ter optimizer was SGD, the initial learning rate was 0.1, and the
loss function was the cross-entropy loss function. To maximize
the use of GPU memory and to better select the batch size, the
batch size used during ResNet-50 training was set to 16, 32, 64,
and 128, respectively. The loss curve is shown in Figure 9.
Figure 10 presents the confusion matrices of the optimal

training models under different batch sizes during the training
process of ResNet-50. After calculation, the evaluation metrics
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FIGURE 9. The loss curve of ResNet-50 training process, where bs denotes batch size.

FIGURE 10. The confusion matrix of the optimal model under different batch sizes during the training process of ResNet-50.

TABLE 4. Experimental results of the optimal training models of ResNet-50 under different batch sizes.

batch size GPU memory/M precision/% recall/% F1 score/% overall accuracy/%
16 2386M 97.82 91.82 94.73 95.88
32 3674M 98.22 90.39 94.14 95.47
64 6852M 96.28 89.98 93.02 94.57
128 13250M 94.66 83.44 88.70 91.44

shown in Table 4 were obtained. When the batch size was set
to 16, the results for pneumonia diagnosis were optimal, with a
precision of 97.82%, a recall of 91.82%, an F1 score of 94.73%,
and an overall accuracy of 95.88%.

5. CONCLUSION
Aspiration pneumonia can be diagnosed through medical his-
tory (aspiration events), clinical manifestations (cough, fever),
and imaging studies. In this study, we have collected bron-
choscope images from 25 patients clinically using a fiberop-
tic bronchoscope. After data preprocessing and expert annota-
tion, we obtained 2830 images for training and 1215 images
for test. The test set was from patients whose images have
never been used for training. In the experiments, three deep
learningmethodswere employed: ResNet-50, EfficientNet-B2,
and DeiT-base. Among them, ResNet-50 and EfficientNet-B2
are convolution-based networks, while DeiT-base is a network
based on the self-attention mechanism. The experimental re-

sults showed that ResNet-50 achieved the highest overall ac-
curacy of 95.88% for pneumonia diagnosis. EfficientNet-B2
had an overall accuracy of 94.24% for pneumonia diagnosis-
more case images. For image classification algorithms based
on the self-attention mechanism, such as DeiT, we need to col-
lect more images and introduce a teacher network to improve
the accuracy of pneumonia image classification. The exper-
iments demonstrated that deep learning methods can achieve
good results in the automatic identification of aspiration pneu-
monia from bronchoscope images, which can assist clinicians
in making diagnoses. Early detection of aspiration pneumonia
can help improve patient outcomes, reduce the medical burden,
and enhance the quality of life.
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