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Abstract. Snakebites pose a significant global health challenge. The timely and accurate identification of snake spe-
cies is essential for guiding antivenom administration. Our goal was to evaluate the effectiveness of a machine learning
model for classifying snake species using images collected from the external environment and a preprocessing method
to enhance accuracy. In this study, we developed a deep learning model for snake species identification in Taiwan
based on the Swin Transformer v2 architecture, applying transfer learning to 12,000 images sampled from a dataset of
30,573 labeled images collected by the authors from sources such as Flickr, iNaturalist, and local databases before
October 2023. An external test set of 2,400 images, collected through the XX (LINE) chatbot and Facebook groups
between November 2023 and April 2024, was used to evaluate real-world performance. To address challenges in exter-
nal test set images, we introduced a preprocessing method called test-time object detection and cropping (TT-ODC).
Without preprocessing, the model achieved 95.6% accuracy on the validation set but dropped to 83.3% on the external
test set. Applying TT-ODC improved external test accuracy to 89.8%, closely matching human annotation performance
(90.3%). These findings revealed that integrating a Swin Transformer v2-based model into the LINE chatbot enhances
snake species identification and improves real-world accuracy. The TT-ODC method effectively bridges the gap
between experimental (validation set) and real-world (external test set) performance, providing a practical tool for clinical

snakebite management.

INTRODUCTION

Snakebites represent a significant global health challenge,
causing up to 94,000 deaths annually and affecting millions
of people worldwide.! The primary treatment of snakebite
envenomation is the administration of antivenom, which
depends on accurate snake species identification.? Although
cross-neutralization can occur, antivenoms are primarily
specific to the snake species whose venom was used in their
production.3'5 Without accurate identification, administering
multiple antivenoms to cover different species increases the
risk of adverse reactions.® Furthermore, delays in antivenom
administration can exacerbate complications, leading to tissue
damage, envenomation syndromes, and prolonged recovery
times.”"° Therefore, the timely and accurate identification of
the snake species, followed by species-specific antivenom
administration, is crucial for effective treatment.!

Among more than 50 native snake species in Taiwan, six are
medically significant and have species-specific antivenoms
available: Trimeresurus stejnegeri (T. stejneger/),12 Protobo-
throps mucrosquamatus,'® Naja atra (N. atra),'* Bungarus
multicinctus,'® Deinagkistrodon acutus,'® and Daboia sia-
mensis (D. siamensis)."” Two additional venomous species,
Trimeresurus gracilis'® and Ovophis makazayazaya (O. maka-
zayazaya),'® are also medically significant but rely on antivenom
cross-neutralization. Additionally, certain venomous species,
Sinomicrurus spp. and Rhabdophis formosanus (R. formosa-
nus), have not been associated with envenomation cases in
Taiwan but have been implicated in incidents abroad.?>?* The
misidentification of snake specimens brought to hospitals in Sri
Lanka and Nepal has led to either the inappropriate use or

* Address correspondence to Chia-En Li, Department of Information
Management, Cheng Shiu University, No. 840, Chengqging Rd.,
Niaosong Dist., Kaohsiung 83301, Taiwan. E-mail: 0664@gcloud.
csu.edu.tw

complete omission of antivenom administration, thereby plac-
ing patients at risk.2>2® The accurate identification of these
venomous shake species is critical for guiding antivenom
administration, ensuring timely and effective treatment, and
minimizing the risk of adverse outcomes.

The accurate identification of snake species presents a
significant challenge for clinical healthcare providers, with a
global review revealing that only 53.0% of snakebite cases
were correctly identified.?® Deep learning (DL) has emerged
as a promising tool for snake species identification, achieving
an average accuracy of 94.2% per country in some stud-
ies.2”?8 However, DL models often perform inconsistently on
external test sets compared with internal validation, owing to
variations in populations and settings, underscoring the need
for robust external testing to evaluate their generalizability.?®
Consequently, the effectiveness of trained snake recognition
models in real-world applications remains uncertain.

With this study, we aimed to develop a DL model for public
and clinical use to identify snake species in Taiwan based on
user-submitted photographs. By analyzing real-world images,
we evaluated the performance of the model and proposed
methods to enhance its reliability in practical applications,
addressing the gap between experimental results and real-
world performance.

MATERIALS AND METHODS

Classification of snake species in Taiwan.

In this study, snake species native to Taiwan were classi-
fied into 11 classes on the basis of their clinical relevance.
Ten classes represent venomous species with reported
envenomation cases, whereas an “Others” class includes
nonvenomous species or those with no documented enven-
omation cases. The 11 defined classes are as follows: 0 =
T. stejnegeri; 1 = Protobothrops mucrosquamatus; 2 = N. atra;
3 = Bungarus multicinctus; 4 = Deinagkistrodon acutus;
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5 = D. siamensis; 6 = Trimeresurus gracilis; 7 = O. maka-
zayazaya; 8 = Sinomicrurus spp.; 9 = R. formosanus; and
10 = others.

Data collection, labeling, and cleaning.

Data for the training and validation sets were collected
before October 2023 from Flickr,*° iNaturalist,®' and two
Taiwan-based websites: the Taiwan Reptile Report Pro-
gram®2 and the Taiwan Roadkill Observation Network.>®
The external test set images were gathered from the XX
(LINE) chatbot and Facebook groups between November
2023 and April 2024.

All snake images were labeled by researchers specializing
in Taiwanese snakes from the Herpetology Laboratory in the
Department of Biological Science and Technology at National
Pingtung University of Science and Technology. Images that
could not be identified were removed.

Data preprocessing.

The data were divided into three subsets based on dataset
type: training, validation, and external test sets. For the train-
ing set, we applied an extensive data augmentation process
to enhance model generalization by diversifying the images.
This included random flipping, applying perspective transfor-
mations, and center cropping. For the validation set, we
applied simple transformations to ensure consistency with
real-world testing scenarios. For the external test set, test-
time object detection and cropping (TT-ODC) was applied.
All images were resized to a standard dimension of 224 X
224 pixels and normalized to the RGB channels.

Transfer learning for the image classification model.

The Swin Transformer is a computer vision backbone that
incorporates visual priors into the transformer encoder,
enabling tasks such as image classification and object
detection.®* In this study, we used the pre-trained Swin
Transformer v2 model, specifically the swinv2-base-patch4-
window12-192-22k variant made available by Microsoft on
Hugging Face, which was pretrained on the ImageNet-21k
dataset at a resolution of 192 x 192.%% We applied transfer

learning to adapt the model for snake species classification
by using images from the training set. The model was trained
for 20 epochs, with the best performance on the validation
set achieved during the seventh epoch, when the validation
accuracy reached 95.6%.

User interface.

The DL model was deployed via a LINE chatbot as the
user interface.®® Using the Django framework, images sub-
mitted through LINE were stored and processed.®” The
Swinv2-base model, which is a variant of the Swin Trans-
former v2, predicted the snake species according to the clas-
ses established for the study, and the results were returned
to users through the LINE chatbot (https:/line.me/R/ti/p/
%40069gmkhj).

Test-time object detection and cropping.

Images from the LINE chatbot or Facebook (external test
set) exhibited lower classification accuracy than validation
images because of the lower quality and smaller relative size
of the snakes within the frame. To address this issue, we
propose a TT-ODC method. Among several zero-shot object
detection models tested and compared, the owlv2-large-
patch14-finetuned variant from Google exhibited the best
performance.®® Using this model, the snake region was
detected on the basis of the text query “snake.” The detected
area was then cropped and passed through a classification
model. If multiple snake regions were detected, the largest was
selected for cropping. When no snakes were detected, the
original image was processed directly for classification.

Overview of workflow and dataset preparation.

An overview of the data collection, dataset splitting, and
model training workflow is provided in Figure 1. Before Octo-
ber 2023, we collected and labeled 30,573 images from
international platforms (Flickr and iNaturalist) and local web-
sites (the Taiwan Reptile Report Program and the Taiwan
Roadkill Observation Network). From this collection, 12,000
images were sampled by species and used to create the
training and validation sets, with an 80:20 split ratio.
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Data collection and model training flowchart. TT-ODC = test-time object detection and cropping. This figure appears in color at
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RESULTS

The sampling process and the distribution of images across
shake species in these sets are summarized in Table 1. A total
of 9,600 images were included in the training set for transfer
learning, and the post-trained Swin Transformer V2 model
achieved a validation accuracy of 95.6%.

To assess the performance of the model under real-world
conditions, it was deployed on a LINE chatbot, attracting
~4,000 users. Duplicate and unidentifiable images submit-
ted by users were excluded. Between November 2023 and
April 2024, 730 unique and identifiable images were col-
lected through the LINE chatbot. Additionally, 1,670 images
were gathered from Facebook groups where users inquired
about snake species. After appropriate labeling and annota-
tion, these 2,400 images formed an external test set. How-
ever, the accuracy of the model on the external test set was
only 83.3%.

Analysis of the misclassified images revealed two main
factors that contributed to the lower accuracy. First, the
external test set contained a higher proportion of challenging
images compared with the validation set. For instance, cyan
blue variants of T. stejnegeri, which are typically green with a
red tail, were not represented in the training and validation
sets.®? Many users submitted these rare cyan blue variants,
leading to lower classification accuracy for this species. Sec-
ond, the small size of the snake in some images reduced the
accuracy of the model (Figure 2A and B).

To address the second issue, we introduced a preproces-
sing method called TT-ODC. The OWLv2 model, a zero-shot
object detection framework, was used to detect snake regions
in the images without requiring prior training on snake data-
sets. Using this model, shake regions were successfully
detected in 2,289 of 2,400 images (95.4%), which were then
cropped and input into the classification model. For the
remaining images, in which no snake regions were detected,
the original images were directly input into the classification
model without cropping. This preprocessing method signifi-
cantly improved the external test set accuracy from 83.3 to
89.8% while maintaining a validation set accuracy of 96.3%.

The accuracy of the post-trained Swinv2-base model on
the validation and external test sets, both with and without
cropping preprocessing, is compared in Table 2. The appli-
cation of TT-ODC (examples shown in Figure 2C and D)

TaBLE 1

improved the accuracy of the external test set from 83.3 to
89.8%. This performance is comparable to human annota-
tion accuracy, which was 90.3%. The per-class precision,
recall, and F1-score for each snake species are presented in
Table 3.

To further examine the impact of TT-ODC, the confusion
matrices, which reveal the classification accuracy on the
external test set with and without preprocessing, are pre-
sented in Figure 3. The results reveal improved accuracy
across nearly all species after applying the preprocessing
method.

DISCUSSION

The categorization and classification strategy used in this
study is outlined in Table 1, focusing on 10 categories of
venomous snakes in Taiwan, with some categories encom-
passing multiple species, and an “Others” category that
includes nonvenomous snakes or species with no documen-
ted envenomation cases. This approach was chosen because
accurately classifying nonvenomous snakes within the “Others”
category does not have clinical significance. In snakebite treat-
ment, the primary objective is to identify medically important
venomous shakes that require specific antivenoms.>® Misiden-
tifying a nonvenomous snake would not alter clinical decisions.

To improve the quality of the training and validation sets,
we performed selective downsampling rather than including
all collected images. With this approach, we aimed to miti-
gate the impact of imbalanced class proportions on model
predictions because the prevalence of snake species in
online databases may not accurately reflect their occurrence
in actual snakebite cases in clinical settings. A previous
study revealed good performance in DL-based snhake spe-
cies identification worldwide, with an average accuracy of
92.2%.2” However, Indotyphlops braminus, a nonvenomous
snake native to Taiwan, was highly represented in the train-
ing (1,296 images) and validation (184 images) sets, whereas
medically important snakes such as D. siamensis and
O. makazayazaya were entirely absent. This disparity high-
lights the mismatch between the prevalence of data in
online sources and the clinical relevance of certain species
in snakebite cases.

To address this limitation, we downsampled ~1,000 images
for each of the eight medically important venomous snakes

Image collection and distribution across training, validation, and external test sets

Training and Validation Set*

Collected Sampled Training Validation External Test Set"

Trimeresurus stejnegeri 3,166 1,000 793 207 230
Protobothrops mucrosquamatus 1,952 1,000 787 213 302
Naja atra 1,950 1,000 796 204 97
Bungarus multicinctus 1,160 1,000 810 190 131
Deinagkistrodon acutus 3,588 1,000 797 203 96
Daboia siamensis 1,891 1,000 804 196 43
Trimeresurus gracilis 960 960 771 189 30
Ovophis makazayazaya 1,394 1,000 803 197 80
Sinomicrurus spp. 677 500 399 101 31
Rhabdophis formosanus 418 418 350 68 23
Others* 13,417 3,122 2,490 632 1,337
Total images 30,573 12,000 9,600 2,400 2,400

* The training and validation sets initially comprised 30,573 images. To ensure an even distribution across species, 12,000 images were randomly sampled.
T The external set consisted of 2,400 images, which were used in their entirety without adjustments to group proportions.
* Additional details regarding the species and numbers included in the “Others” category are provided in the appendix table.
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Ficure 2. Examples of test-time object detection and cropping preprocessing. (A and B) Original images from the external test set. (C and D)
Images after object detection, cropping, and resizing. This figure appears in color at www.ajtmh.org.

and ~500 images for Sinomicrurus spp. and R. formosanus.
This strategy ensured that the predictions of the model were
minimally influenced by data prevalence. To evaluate the
trade-off between dataset size and performance, we also
trained the model using the entire dataset of 30,573 images
with an 80:20 training-validation split. By using ~2.5 times
more images, the model could achieve an accuracy of 92.9%
with TT-ODC. However, our primary objective with this study
was to develop a method that could attain sufficient perfor-
mance using a manageable number of well-balanced images.
Images from two local sources, one of which featured
roadkill events, were included in this study. This decision
reflects real-world scenarios in which patients may bring a

TABLE 2

Accuracy of snake species image classification in validation and
external test sets

With Image Cropping
by Owlv22

Without Image

Validation Set (n = 2,400) Cropping

Accuracy 95.6% 96.3%
External Test Set Without Image With Image Cropping With Image Cropping
(n = 2,400) Cropping by Owlv2 by Human
Accuracy 83.3% 89.8% 90.3%

Owlv2 refers to the Google model owlv2-large-patch14-finetuned.

dead snake to the hospital for identification.*® Limiting the
training set to images of live snakes might not fully capture
the diversity needed for accurate species identification in
such situations. Therefore, roadkill snake images were spe-
cifically included to better represent the appearance of
snakes commonly brought to hospitals after being killed.

In SnakeCLEF 2023 and SnakeCLEF 2024, the Top-1
accuracy reached 91.3% across ~1,600 to 1,800 snake spe-
cies.*"**? Although our model achieved a validation accuracy

TaBLE 3
Performance of snake species image classification

Precision Recall F1-Score
Trimeresurus stejnegeri 93.1% 81.7% 87.0%
Protobothrops mucrosquamatus 86.8% 91.7% 89.2%
Naja atra 66.4% 81.4% 73.2%
Bungarus multicinctus 86.3% 96.2% 91.0%
Deinagkistrodon acutus 100.0% 91.7% 95.7%
Daboia siamensis 95.4% 95.4% 95.4%
Trimeresurus gracilis 58.3% 93.3% 71.8%
Ovophis makazayazaya 100.0% 91.3% 95.4%
Sinomicrurus spp. 100.0% 83.9% 91.2%
Rhabdophis formosanus 74.1% 87.0% 80.0%
Others 92.3% 90.4% 91.3%
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Ficure 3. Confusion matrices on the external test set. (A) Without test-time object detection and cropping (TT-ODC), (B) with TT-ODC, and
(C) percentage difference (with-without). Each matrix reveals the percentage of correct and incorrect classifications. Species labels: 0 = Trimeresurus
stejnegeri; 1 = Protobothrops mucrosquamatus; 2 = Naja atra; 3 = Bungarus multicinctus; 4 = Deinagkistrodon acutus; 5 = Daboia siamensis;
6 = Trimeresurus gracilis; 7 = Ovophis makazayazaya; 8 = Sinomicrurus spp.; 9 = Rhabdophis formosanus; and 10 = others. This figure appears

in color at www.ajtmh.org.

of 95.6% for 11 categories, this result is not particularly
remarkable when compared with these benchmarks. How-
ever, our primary focus with this study was not on maximizing
validation accuracy but on assessing real-world performance
and clinical applicability.

To facilitate real-time clinical use, we deployed our model
on a LINE chatbot, allowing public users to submit images
for snake species identification. By analyzing these user-
submitted images, we found that the accuracy of the model
on real-world data decreased to 83.3%. To address this limi-
tation, we introduced a preprocessing method, TT-ODC,
which improved the accuracy on real-world images to
89.8%. The average inference time using the Swin Trans-
former v2 alone is 0.0371 seconds per image on an RTX
4090 graphics processing unit (Nvidia, Santa Clara, CA).
When TT-ODC is added, the total processing time increases
by 0.7 seconds. In contrast, manual cropping by a human
takes 17.2 seconds. Although TT-ODC increases the infer-
ence time by ~20 times, it still takes only ~4.3% of the time
compared with manual cropping, and the accuracy is com-
parable (89.8% versus 90.3%). In this study, we focused on
real-world applications, and the development of preproces-
sing methods distinguishes our approach from other DL
models designed for snake species identification.

Limitations.

The proposed TT-ODC method is novel but has not yet
been widely validated; its performance should be further
evaluated in other fine-grained image classification tasks. As
shown in Figure 3, even with the application of the TT-ODC
method, the accuracy of the model remained between 80%
and 90% for certain species: T. stejnegeri, N. atra, Sinomi-
crurus spp., and R. formosanus. The reduced accuracy for
the first two species likely stems from their significant variabil-
ity in coloration and patterns, whereas the poor performance
for the latter two species may be attributed to the limited num-
ber of available training images.

Additionally, in many real-world envenomation cases, an
image of the culprit snake is not available. In such scenarios,
wound image classification becomes a critical alternative.

To more comprehensively address the issue of misidentifica-
tion, multimodal inputs should ideally be incorporated in
future models, including wound characteristics and labora-
tory test results. However, collecting and accurately labeling
wound images presents significant challenges, underscoring
the importance of this direction for future research.

CONCLUSION

In this study, we collected two distinct datasets of snake
images in Taiwan: one for training and validation, and the
other for use as an external test set. Using the Swin trans-
former image classification model, we achieved a valida-
tion accuracy of 95.6%. However, the accuracy decreased
to 83.3% on the external test set, which consisted of user-
submitted images representing real-world scenarios. To
address this issue, we introduced a preprocessing method,
TT-ODC, which improved the accuracy for the external test
set t0 89.8%.

By deploying the model through a chatbot platform such
as LINE, we created a user-friendly interface for real-time
snake species identification. This approach represents a sig-
nificant step toward bridging the gap between experimental
and real-world performance. We believe that this system can
provide clinicians with a timely and accurate reference for
selecting appropriate antivenom when treating patients with
shakebites.

Received February 20, 2025. Accepted for publication June 8, 2025.
Published online Month 00, 2025.

Acknowledgment: P.-C. Chuang would like to express sincere grati-
tude to Kai-Chieh Su and Jia-Wei Chen, expert herpetologists, for
their invaluable contributions to the identification and labeling of
snake images.

Financial support: This work was supported by the Kaohsiung Chang
Gung Memorial Hospital and Cheng Shiu University Joint Research
Program (Grant no. CGMH-CSU-2024-CORPG8P0061) and the
National Science and Technology Council (Grant no. NSTC-113-2222-
E-182A-001-MY2).


http://www.ajtmh.org

6 CHUANG AND OTHERS

Disclosures: The study protocol was approved by the Chang Gung
Medical Foundation Institutional Review Board (Approval Nos.
202201210B0 and 202301246B0A3). The manuscript was initially
drafted in a combination of Chinese and English. OpenAl’s ChatGPT-
4 was used for translation, and the final text was reviewed and edited
by the authors to ensure clarity and accuracy.

Author’s contributions: P.-C. Chuang designed the study, collected
data, conducted data analysis, drafted the manuscript, and ensured
data accuracy and integrity. Y.-I. Chang supervised data analysis.
T.-S. Tsai ensured data collection accuracy. C.-H. Hung conducted
data analysis. C.-E. Li supervised data analysis and revised the man-
uscript. All authors participated in the revision of the manuscript.

Current contact information: Po-Chun Chuang, Department of Com-
puter Science and Engineering, National Sun Yat-sen University,
Kaohsiung, Taiwan, and Department of Emergency Medicine, Chang
Gung Memorial Hospital Kaohsiung Branch, Kaohsiung, Taiwan,
E-mail: zhungboqun@gmail.com. Ye-In Chang, Department of Com-
puter Science and Engineering, National Sun Yat-sen University,
Kaohsiung, Taiwan, E-mail: changyi@cse.nsysu.edu.tw. Tein-Shun
Tsai, Department of Biological Science and Technology, National
Pingtung University of Science and Technology, Pingtung, Taiwan,
and Institute of Wildlife Conservation, Pingtung, Taiwan, E-mail:
t43013@gmail.com. Chih-Hsiang Hung, Department of Emergency
Medicine, Kaohsiung Chang Gung Memorial Hospital, Kaohsiung,
Taiwan, E-mail: kegcsup@gmail.com. Chia-En Li, Information Man-
agement, Cheng Shiu University, Kaohsiung, Taiwan, E-mail: 0664@
gcloud.csu.edu.tw.

REFERENCES

1. Kasturiratne A, Wickremasinghe AR, de Silva N, Gunawardena NK,
Pathmeswaran A, Premaratna R, Savioli L, Lalloo DG, de
Silva HJ, 2008. The global burden of snakebite: A literature
analysis and modelling based on regional estimates of enve-
noming and deaths. PLoS Med 5: e218.

2. World Health Organization, 2019. Snakebite Envenoming: A Strat-
egy for Prevention and Control. Geneva, Switzerland: WHO.

3. World Health Organization, 2023. Target Product Profiles for
Animal Plasma-Derived Antivenoms: Antivenoms for Treatment
of Snakebite Envenoming in Sub-Saharan Africa. Geneva,
Switzerland: WHO.

4. Tsai TS, Chan YY, Huang SM, Chuang PC, 2022. Case report:
Symptoms and prognosis of Trimeresurus gracilis envenom-
ation. Am J Trop Med Hyg 106: 1281-1284.

5. Chuang PC, Chen JW, Chan YY, Tse TC, Chiang YW, Tsai TS,
2024. In vitro immunoreactivity and in vivo neutralization of Tri-
meresurus gracilis venom with antivenoms targeting four pit
viper species. PLoS Negl Trop Dis 18: €0012070.

6. Chuang PC, Chang KW, Cheng FJ, Wu MH, Tsai MT, Li CJ,
2020. Risk factors associated with snake antivenom reaction
and the role of skin test. Acta Trop 203: 105293.

7. Hung YL, Chen YC, Tsai TS, Chang YI, Chuang PC, 2024. Inci-
dence and risk factors for wound infections after Trimeresurus
stejnegeri snakebites in Taiwan. Am J Trop Med Hyg 110:
295-302.

8. Chuang PC, Chang KW, Cheng SY, Pan HY, Huang KC,
Huang YT, Li CJ, 2021. Benefits of early in-hospital anti-
venom administration to patients with Protobothrops mucros-
quamatus envenomation. Am J Trop Med Hyg 104: 323-328.

9. Anderson VE, et al., 2019. Early administration of Fab antivenom
resulted in faster limb recovery in copperhead snake enven-
omation patients. Clin Toxicol (Phila) 57: 25-30.

10. Isbister GK, 2024. The critical time period for administering anti-
venom: Golden hours and missed opportunities. Clin Toxicol
(Phila) 62: 277-279.

11. Hamza M, Knudsen C, Gnanathasan CA, Monteiro W, Lewin MR,
Laustsen AH, Habib AG, 2021. Clinical management of
snakebite envenoming: Future perspectives. Toxicon X 11:
100079.

12. Chiang LC, et al., 2020. Envenomation by Trimeresurus stejne-
geri stejnegeri: Clinical manifestations, treatment and associ-
ated factors for wound necrosis. J Venom Anim Toxins Incl
Trop Dis 26: €20200043.

13. Chiang LC, Chien KY, Su HY, Chen YC, Mao YC, Wu WG, 2022.
Comparison of protein variation in Protobothrops mucrosqua-
matus venom between northern and southeast Taiwan and
association with human envenoming effects. Toxins (Basel)
14: 643.

14. Mao YC, Liu PY, Chiang LC, Lai CS, Lai KL, Ho CH, Wang TH,
Yang CC, 2018. Naja atra snakebite in Taiwan. Clin Toxicol
(Phila) 56: 273-280.

15. Mao YC, Liu PY, Chiang LC, Liao SC, Su HY, Hsieh SY, Yang
CC, 2017. Bungarus multicinctus multicinctus Snakebite in
Taiwan. Am J Trop Med Hyg 96: 1497-1504.

16. Su HY, Huang SW, Mao YC, Liu MW, Lee KH, Lai PF, Tsai MJ,
2018. Clinical and laboratory features distinguishing between
Deinagkistrodon acutus and Daboia siamensis envenomation.
J Venom Anim Toxins Incl Trop Dis 24: 43.

17. Tsai TS, Liu CC, Chuang PC, 2021. Personal experience of Daboia
siamensis envenomation. Case Rep Med 2021: 3396373.

18. Chen MH, Hu HF, Wu SH, Chen YW, Chen YC, 2025. Clinical
manifestations of alpine pit viper (Trimeresurus gracilis) bites.
Clin Toxicol (Phila) 63: 60-62.

19. Luo Y, Mao YC, Liu PY, Chiang LC, Lai CS, Lin WL, Huang CC,
2022. Case report: Management of an uncommon crotaline
snakebite (Ovophis makazayazaya). Am J Trop Med Hyg 107:
705-708.

20. Hsu JY, Chiang SO, Yang CC, Hsieh TW, Chung CJ, Mao YC,
20283. Nationwide and long-term epidemiological research of
snhakebite envenomation in Taiwan during 2002-2014 based
on the use of snake antivenoms: A study utilizing National
Health Insurance Database. PLoS Negl Trop Dis 17: e€0011376.

21. Velagapudi ME, Navarro JJ, Hill AE, Darracq MA, Thornton SL,
2024. Epidemiology and characteristics of coral snake bites
reported to the National Poison Data System (2006-2022).
J Am Coll Emerg Physicians Open 5: e13296.

22. Hifumi T, Sakai A, Yamamoto A, Morokuma K, Otani N,
Takahashi M, Ato M, 2022. Rhabdophis tigrinus (Yamakagashi)
bites in Japan over the last 50 years: A retrospective survey.
Front Public Health 9: 775458.

23. Silva A, Gamlaksha D, Waidyaratne D, 2013. Medico-legal sig-
nificance of the identification of offending snake in a fatal
snake bite: A case report. J Forensic Leg Med 20: 965-967.

24. Pandey DP, Kohler G, Oehlmann J, 2015. Venomous Snakes of
Medical Relevance in Nepal: Study on Species, Epidemiology
of Snake Bite and Assessment of Risk Factors of Envenoming
and Death. Frankfurt, Germany: Univ.-Bibliothek Frankfurt am
Main.

25. Pandey DP, Shrestha BR, Acharya KP, Shah KJ, Thapa-Magar C,
Dhakal IP, Mohamed F, Isbister GK, 2023. A prospective study
of snakebite in a tertiary care hospital in south-western Nepal.
Trans R Soc Trop Med Hyg 117: 435-443.

26. Bolon I, Durso AM, Botero Mesa S, Ray N, Alcoba G, Chappuis F,
Ruiz de CR, 2020. Identifying the snake: First scoping review on
practices of communities and healthcare providers confronted
with snakebite across the world. PLoS One 15: €0229989.

27. Bolon |, Picek L, Durso AM, Alcoba G, Chappuis F, Ruiz de Cas-
taneda R, 2022. An artificial intelligence model to identify
snakes from across the world: Opportunities and challenges
for global health and herpetology. PLoS Negl Trop Dis 16:
e0010647.

28. Zhang J, Chen X, Song A, Li X, 2023. Artificial intelligence-
based snakebite identification using snake images, snakebite
wound images, and other modalities of information: A system-
atic review. Int J Med Inform 173: 105024.

29. Collins GS, et al., 2024. Evaluation of clinical prediction models
(part 1): From development to external validation. BMJ 384:
e074819.

30. Mislove A, Koppula HS, Gummadi KP, Druschel P, Bhattacharjee B,
2008. Growth of the Flickr Social Network. WOSN ’08: Pro-
ceedings of the First Workshop on Online Social Networks,
25-30.

31. Matheson CA, 2014. Inaturalist. Ref Rev 28: 36-38.

32. Taiwan Biodiversity Network. Taiwan Reptile Report Program.
Available at: https://reptile.tbn.org.tw/. Accessed November
20, 2024.

33. Roadkill Society. Taiwan Roadkill Observation Network. Available
at: https://roadkill.tw/. Accessed November 20, 2024.


mailto:zhungboqun@gmail.com
mailto:changyi@cse.nsysu.edu.tw
mailto:t43013@gmail.com
mailto:kcgcsup@gmail.com
mailto:0664@gcloud.csu.edu.tw
mailto:0664@gcloud.csu.edu.tw
https://reptile.tbn.org.tw/
https://roadkill.tw/

34.

35.

36.

37.

38.

DEVELOPING Al FOR SNAKE IMAGE CLASSIFICATION AND ACCURACY 7

Liu Z, Lin Y, Cao Y, Hu H, Wei Y, Zhang Z, Lin S, Guo B, 2021.
Swin Transformer: Hierarchical Vision Transformer Using Shifted
Windows. Proceedings of the IEEE/CVF International Confer-
ence on Computer Vision, 10012-10022.

Liu Z, Hu H, Lin Y, Yao Z, Xie Z, Wei Y, Ning J, Cao Y, Zhang Z,
Dong L, 2022. Swin Transformer v2: Scaling up Capacity
and Resolution. Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 12009-
12019.

Yuan C-C, Li C-H, Peng C-C, 2023. Development of mobile
interactive courses based on an artificial intelligence chatbot
on the communication software LINE. Interact Learn Environ
31: 3562-3576.

Burch C, 2010. Django, a web framework using python: Tutorial
presentation. J Comput Sci Coll 25: 154-155.

Minderer M, Gritsenko A, Houlsby N, 2024. Scaling open-
vocabulary object detection. Adv Neural Inf Process Syst 36:
72983-73007.

39. Chen KT, Tu YJ, Chan KO, Teo EW, 2024. A cyan-blue bamboo
pitviper (Trimeresurus stejnegeri stejnegeri) in Taiwan. RandA
31: e21421.

40. Cockrell M, Swanson K, Sanders A, Prater S, von Wenckstern T,
Mick J, 2017. Safe handling of snakes in an ED setting. J Emerg
Nurs 43: 21-283.

41. Hu F, Wang P, Li Y, Duan C, Zhu Z, Wang F, Zhang F, Li Y,
Wei X-S, 2023. Watch out Venomous Snake Species: A Solu-
tion to SnakeCLEF2023. Available at: https://arxiv.org/abs/
2307.09748. Accessed XX.

42. Joly A, Picek L, Kahl S, Goéau H, Espitalier V, Botella C, Marcos D,
Estopinan J, Leblanc C, Larcher T, 2024. Overview of Life-
CLEF 2024: Challenges on species distribution prediction and
identification. Barron-Cedeno A, Da San Martino G, Degli
Esposti M, Sebastiani F, Macdonald C, Pasi G, Hanbury A,
Potthast M, Faggioli G, Ferro N, eds. Experimental IR Meets
Multilinguality, Multimodality, and Interaction. London, United
Kingdom: Springer; 183-207.


https://arxiv.org/abs/2307.09748
https://arxiv.org/abs/2307.09748


<<
	/CompressObjects /Off
	/ParseDSCCommentsForDocInfo true
	/CreateJobTicket false
	/PDFX1aCheck false
	/ColorImageMinResolution 300
	/GrayImageResolution 300
	/DoThumbnails false
	/ColorConversionStrategy /LeaveColorUnchanged
	/GrayImageFilter /FlateEncode
	/EmbedAllFonts true
	/CalRGBProfile (sRGB IEC61966-2.1)
	/MonoImageMinResolutionPolicy /Warning
	/ImageMemory 1048576
	/LockDistillerParams true
	/AllowPSXObjects false
	/DownsampleMonoImages false
	/PassThroughJPEGImages true
	/ColorSettingsFile (Color Management Off)
	/AutoRotatePages /None
	/Optimize false
	/MonoImageDepth -1
	/ParseDSCComments true
	/AntiAliasGrayImages false
	/GrayImageMinResolutionPolicy /Warning
	/JPEG2000ColorImageDict <<
		/TileHeight 256
		/Quality 30
		/TileWidth 256
	>>
	/ConvertImagesToIndexed true
	/MaxSubsetPct 100
	/Binding /Left
	/PreserveDICMYKValues true
	/GrayImageMinDownsampleDepth 2
	/MonoImageMinResolution 1000
	/sRGBProfile (sRGB IEC61966-2.1)
	/AntiAliasColorImages false
	/GrayImageDepth 8
	/OtherNamespaces [
		<<
			/IncludeSlug false
			/CropImagesToFrames true
			/IncludeNonPrinting false
			/OmitPlacedBitmaps false
			/AsReaderSpreads false
			/Namespace [
				(Adobe)
				(InDesign)
				(4.0)
			]
			/FlattenerIgnoreSpreadOverrides false
			/OmitPlacedEPS false
			/OmitPlacedPDF false
			/SimulateOverprint /Legacy
			/IncludeGuidesGrids false
			/ErrorControl /WarnAndContinue
		>>
		<<
			/IncludeProfiles false
			/AddBleedMarks false
			/ConvertColors /ConvertToCMYK
			/IncludeLayers false
			/FormElements false
			/FlattenerPreset <<
				/PresetSelector /MediumResolution
			>>
			/IncludeInteractive false
			/AddColorBars false
			/DestinationProfileSelector /DocumentCMYK
			/MultimediaHandling /UseObjectSettings
			/UseDocumentBleed false
			/AddCropMarks false
			/PreserveEditing true
			/PDFXOutputIntentProfileSelector /DocumentCMYK
			/DestinationProfileName ()
			/UntaggedRGBHandling /UseDocumentProfile
			/GenerateStructure false
			/AddRegMarks false
			/Namespace [
				(Adobe)
				(CreativeSuite)
				(2.0)
			]
			/Downsample16BitImages true
			/IncludeHyperlinks false
			/IncludeBookmarks false
			/AddPageInfo false
			/UntaggedCMYKHandling /LeaveUntagged
		>>
	]
	/PreserveFlatness true
	/CompressPages true
	/GrayImageMinResolution 300
	/CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
	/PDFXBleedBoxToTrimBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/AutoFilterGrayImages false
	/EncodeColorImages true
	/AlwaysEmbed [
	]
	/EndPage -1
	/DownsampleColorImages false
	/ASCII85EncodePages false
	/PreserveEPSInfo true
	/PDFXTrimBoxToMediaBoxOffset [
		0.0
		0.0
		0.0
		0.0
	]
	/CompatibilityLevel 1.3
	/MonoImageResolution 1200
	/NeverEmbed [
	]
	/CannotEmbedFontPolicy /Error
	/AutoPositionEPSFiles true
	/PreserveOPIComments false
	/JPEG2000GrayACSImageDict <<
		/TileHeight 256
		/Quality 30
		/TileWidth 256
	>>
	/PDFXOutputIntentProfile (None)
	/JPEG2000ColorACSImageDict <<
		/TileHeight 256
		/Quality 30
		/TileWidth 256
	>>
	/EmbedJobOptions true
	/MonoImageDownsampleType /Average
	/DetectBlends true
	/EncodeGrayImages true
	/ColorImageDownsampleType /Average
	/EmitDSCWarnings true
	/Namespace [
		(Adobe)
		(Common)
		(1.0)
	]
	/AutoFilterColorImages false
	/DownsampleGrayImages false
	/GrayImageDict <<
		/QFactor 0.15
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/AntiAliasMonoImages false
	/GrayImageAutoFilterStrategy /JPEG
	/GrayACSImageDict <<
		/QFactor 0.15
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/ColorImageAutoFilterStrategy /JPEG
	/ColorImageMinResolutionPolicy /Warning
	/ColorImageResolution 300
	/PDFXRegistryName ()
	/MonoImageFilter /CCITTFaxEncode
	/CalGrayProfile (Gray Gamma 2.2)
	/ColorImageMinDownsampleDepth 1
	/JPEG2000GrayImageDict <<
		/TileHeight 256
		/Quality 30
		/TileWidth 256
	>>
	/ColorImageDepth 8
	/DetectCurves 0.0
	/PDFXTrapped /False
	/ColorImageFilter /FlateEncode
	/TransferFunctionInfo /Remove
	/PDFX3Check false
	/ParseICCProfilesInComments true
	/ColorACSImageDict <<
		/QFactor 0.15
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/DSCReportingLevel 0
	/PDFXOutputConditionIdentifier ()
	/PDFXCompliantPDFOnly false
	/AllowTransparency false
	/PreserveCopyPage false
	/UsePrologue false
	/StartPage 1
	/MonoImageDownsampleThreshold 1.5
	/GrayImageDownsampleThreshold 1.5
	/CheckCompliance [
		/None
	]
	/CreateJDFFile false
	/PDFXSetBleedBoxToMediaBox true
	/EmbedOpenType false
	/OPM 1
	/PreserveOverprintSettings true
	/UCRandBGInfo /Remove
	/ColorImageDownsampleThreshold 1.5
	/MonoImageDict <<
		/K -1
	>>
	/GrayImageDownsampleType /Average
	/Description <<
		/ENU (DJS standard print-production joboptions; for use with Adobe Distiller v7.x; djs rev. 1.0)
		/PTB <>
		/FRA <>
		/NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
		/KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
		/NOR <>
		/DEU <>
		/SVE <>
		/ITA <>
		/DAN <>
		/JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
		/CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
		/SUO <>
		/ESP <>
		/CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
	>>
	/CropMonoImages true
	/DefaultRenderingIntent /Default
	/PreserveHalftoneInfo false
	/ColorImageDict <<
		/QFactor 0.15
		/HSamples [
			1.0
			1.0
			1.0
			1.0
		]
		/VSamples [
			1.0
			1.0
			1.0
			1.0
		]
	>>
	/CropGrayImages true
	/PDFXOutputCondition ()
	/SubsetFonts false
	/EncodeMonoImages true
	/CropColorImages true
	/PDFXNoTrimBoxError true
>>
setdistillerparams
<<
	/PageSize [
		792.0
		1224.0
	]
	/HWResolution [
		2400
		2400
	]
>>
setpagedevice




