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Abstract

A robust and accurate AI-driven system as an assistance tool for snake species identi�cation has vast
potential to help lower deaths and disabilities caused by snakebites. With that in mind, we prepared
the SnakeCLEF 2021: Automatic Snake Species Identi�cation Challenge with Country-Level Focus, designed to provide an evaluation platform that can help track the performance of end-to-end AI-driven
snake species recognition systems with a focus on overall country-wise performance. We have provided 386,006 photographs of 772 snake species collected in 188 countries and country-species presence
mapping for the challenge. In this paper, we report 1) a description of the provided data, 2) evaluation methodology and principles, 3) an overview of the systems submitted by the participating teams,
and 4) a discussion of the obtained results.
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1. Introduction
Building an automatic and robust image-based system for snake species identi�cation is an
important goal for biodiversity, conservation, and global health. With recent estimates of 81,410 137,880 deaths and up to three times as many victims of amputations, permanent disability and
dis�gurement (globally each year) caused by venomous snakebite [1], such a system has the
potential to improve eco-epidemiological data and treatment outcomes (e.g. based on the speci�c
use of antivenoms) [2, 3]. This applies especially in remote geographic areas and developing
countries, where automatic snake species identi�cation has the greatest potential to save lives.
The di�culty of snake species identi�cation – from both a human and a machine perspective
[4] – lies in the high intra-class and low inter-class variance in appearance, which may depend
on geographic location, color morph, sex, or age (Figure 1 and Figure 2). At the same time,
many species are visually similar to other species (e.g. mimicry [5]). Our knowledge of which
snake species occur in which countries is incomplete, and it is common that most or all images
of a given snake species might originate from a small handful of countries or even a single
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country [6]. Furthermore, many snake species resemble species found on other continents, with
which they are entirely allopatric [7]. Knowing the geographic origin of an unidenti�ed snake
can narrow down the possible correct identi�cations considerably. In no location on Earth do
more than 126 of the approximately 3,900 snake species co-occur [8]. Thus, regularization to
all countries is a critical component of any snake identi�cation method. In previous LifeCLEF
Snake Species Identi�cation challenges [9, 10] we measured relatively poor performance – 0.625
Macro F1 score – showing that snake identi�cation is a task with a lot of space for improvement.

Figure 1: Variation in Vipera berus (European Adder) color and pattern within central Europe. Examples from Czechia, Germany, Switzerland and Poland, demonstrating di�erent color morphs within a
species. Taken from iNaturalist: ©Thorsten Stegmann, ©jandetka, ©jandetka, and ©jandetka

Figure 2: Naja nigricincta from northern Namibia (le�) and South Africa (right), demonstrating geographical variation within a species. Taken from iNaturalist: ©Di Franklin, and ©bryanmaritz

2. Task description
The main goal of this challenge was to build a system that is capable of recognizing 772 snake
species based on the given unseen image and relevant geographical location, with a focus on
worldwide performance. Unlike the previous SnakeCLEF edition – where we used the disclosed
dataset – we did not ask the participants to submit their solutions through Docker environment.
Just a simple CSV �le with Top1 species prediction for each image was expected.

2.1. Dataset
For this year’s challenge, we have prepared a new dataset with 409,679 images belonging to 772
snake species from 188 countries and all continents (386,006 images with labels targeted for
development and 23,673 images without labels for testing). In addition, we provide a simple
train/val (90% / 10%) split to validate preliminary results while ensuring the same species distributions. Furthermore, we prepared a compact subset (70,208 images) for fast prototyping. The
test set data consists of 23,673 images submitted to the iNaturalist platform within the �rst four
months of 2021. Unlike in previous years, where the �nal testing set remained undisclosed, we
provided the test data to the participants.
All data were gathered from online biodiversity platforms (i.e., iNaturalist, HerpMapper)
and further extended by data scraped from Flickr. In contrast to the previous SnakeCLEF
edition [10], we increased the number of images and covered countries, and �ltered noisy labels
and duplicated images. In addition, we de�ned clean (iNaturalist / HerpMapper) and noisy
(Flickr) subsets within the development data. The provided dataset has a heavy long-tailed
class distribution, where the most frequent species (Thamnophis sirtalis) is represented by
22,163 images and the least frequent by just 10 (Achalinus formosanus). For additional dataset
parameters refer to Table 1 and Table 2.
Table 1
Details of the SnakeCLEF 2021 datasets and their comparison with previous edition.
Dataset

Species

Images

# of Countries

min per species

max per species

783
772
768

259,214
386,006
70,208

145
188
178

19
10
1

14,433
22,163
299

SnakeCLEF 2020
SnakeCLEF 2021
SnakeCLEF 2021 Comp.

Table 2
SnakeCLEF 2021 data sources and their taxonomic and geographic coverage.
Data Source

# of Species

# of Genera

# of Families

# of Images

# of Countries

iNaturalist
HerpMapper
Flickr

762
614
733

265
244
260

17
17
18

277,025
58,351
50,630

181
98
125

Total

772

269

18

386,006

188

2.1.1. Geographical Information
Considering that all snake species have distinct, largely stable geographic ranges, with a maximum of 126 species of snakes occurring within the same 50 ⇥ 50 km2 area [8], geographical
information plays a crucial role in correct snake species identi�cation [11]. To evaluate this, we
have gathered two levels of geographical label (i.e., country and continent) for approximately
87% of the data. We have collected observations across 188 countries and all continents. A small
proportion of images (ca. 1 - 2%), particularly from Flickr, show captive snakes that are kept
outside of their native range (e.g., North American Pantherophis guttatus in Europe or Australian
Morelia viridis in the USA). We opted to retain these for three reasons:
1. Users of an automated identi�cation system may wish to use it on captive snakes (e.g., in
the case of customs seizures [12, 13]).
2. Bites from captive snakes may occur (although the identity of the snake would normally
be clear in this case; e.g. [14, 15]).
3. Captive snakes sometimes escape and can found introduced populations outside their
native range (e.g. [16, 17]).
Additionally, we provide a mapping matrix (MM) describing species-country presence to allow
better worldwide regularization, based on the August 2020 release of The Reptile Database [18].
MMcs =

(

1,
0,

if species S 2 country C
else

(1)

Figure 3: Worldwide snake species distribution, showing the number of species found in each country.
Large countries in the tropics (Brazil, Mexico, Colombia, India, Indonesia) have more than 300 species.

Figure 4: Percentage of snake species per country included in SnakeCLEF2021. The countries with the
best coverage are in Europe, Oceania, and North America.

The vast majority (77%) of all images came from the United States and Canada, with 9% from
Latin American and the Caribbean, 5.7% from Europe, 4.5% from Asia, 1.8% from Africa, and
1.5% from Australia/Oceania. Bias at smaller spatial scales undoubtedly exists as well [6, 19],
largely due to where participants in citizen science projects and other snake photographers
are concentrated. Nevertheless, snake species from nearly every country were represented,
with 46/215 (21%) of countries having all of their snake species represented, mostly in Europe.
Nearly half of all countries (106/215; 49%) had more than 50% of their snake species represented
(Figure 4). Priority areas for improvement of the training dataset in future rounds are countries
with high snake species diversity and low citizen science participation, especially Indonesia,
Papua New Guinea, Madagascar, and several central African and Caribbean countries (Figure 3).

2.2. Timeline
The training data were made public in February 2021 through the AICrowd challenge page,
and anyone with research ambitions was able to register and participate in the competition.
Releasing the test data in mid-May, we provided up to 100 days to participants to work on their
submissions. The test data were released three days before the competition deadline, minimizing
the possibility of manual labelling and other exploits. Each team had an opportunity to submit
up to 10 submissions corresponding to di�erent approaches or di�erent settings of the same
method. The �nal evaluation was done via a CSV �le containing Top1 prediction for each given
test image. Once the submission phase was closed (mid-June), the participants we allowed to
submit so-called post-competition submissions to evaluate any interesting �ndings.

2.3. Evaluation Protocol
To assure focus on worldwide performance, we de�ned the macro F1 country performance
(Macro F1c ) as the main metric. We calculate it as the mean of country F1 scores:
Macro F1c =

N
1 X
F1 c ,
N
c=0

F1 c = P k

1

s=1 M M cs

⇥

N
X

F1s M M cs

(2)

s=0

where c is country index, s is species index, (F1c ) is the country performance, and M M cs is
the mapping matrix described in Subsection 2.1.1. To get the F1s we use following formula for
each species:
Ps ⇥ R s
F1 s = 2 ⇥
(3)
Ps + R s
Ps =

tps
,
tps + f ps

Rs =

tps
tps + f ns

(4)

To allow deeper comparison on di�erent levels, we also measure the Top1 Accuracy and the
Macro F1 score. The Macro F1 score is calculated as the mean of all F1s scores:
Macro F1 =

N
1 X
F1 s
N

(5)

s=0

where s is the species index and N the number of species. Final Macro F1 is calculated by
computing the F1 score for each species as the harmonic mean of the species Precision (Ps ) and
the Recall (Rs ).

2.4. Working Notes
All participants were asked to provide a Working Note paper – a technical report with information
needed to reproduce the results of all submissions. All submitted Working Notes were reviewed
by 2-3 reviewers with a decent publication history and PhD in Computer Vision and Machine
Learning, ensuring a su�cient level of reproducibility and quality. The review process was
single-blind and o�ered up to two rebuttals.

3. Participants and Methods
Seven teams participated in the SnakeCLEF 2021 challenge and submitted a total of 46 runs.
We have seen a vast increase in interest related to automatic snake recognition from the last
year [20]. Interestingly, three participating teams are originated from India – the country with
the most snakebites worldwide [21]. Most of the participants (6 out of 7) provided a technical
report with a description for each run, evaluated experiments and used methods, techniques
and experiments [22, 23, 24, 25, 26, 27]. Such a report had to pass a single-blind review, ensuring a su�cient level of reproducibility and quality. For all the teams, we synthesized a short
description.

BME-TMIT [22]: The BME-TMIT was the only team that used a two-stage approach with
detection and classi�cation neural networks. E�cientDet [28] and E�cientNet [29] were utilized for object detection and classi�cation, respectively. Additionally, the location metadata
integration increased the F1 country by 0.089 on the test data. Based on evaluated experiments,
we can conclude that object detection and the inclusion of geographical data showed signi�cant
improvement in all measured performance metrics. Utilizing that, they achieved the highest
scores in all measured metrics – Macro F1c of 0.903, F1c of 0.864, and 94.94% Top1 Accuracy.)
CMP [23]: The CMP team experimented with di�erent deep residual convolutional neural
networks (i.e., ResNet [30], ResNeXt [31], and ResNeSt [32]) and di�erent loss functions, including standard cross-entropy, weighted cross-entropy and soft F1 loss. The performed experiment
showed that the standard cross-entropy loss achieved superior performance in all measured
metrics on the validation set. Thus, their best method is an ensemble of two ResNeSt-200,
ResNet-101, and ResNeXt-101, combining the top one predictions by majority voting strategy.
Additionally, they increased the performance with mixed-precision training and by dropping
the predictions of the species not occurring in the country of the given image. Interestingly,
their best single model in the case of Macro F1c was �ne-tuned just on the compact subset with
the almost �at distribution.
FHDO-BCSG [24]: The FHDO-BCSG team utilized the E�cientNets [29] and the Vision Transformers (ViT) [33] in their experiments. In a subsequent step, they multiplied the prior probabilities of the location context with the model predictions. Without surprise, the combination of
both modes achieved the best performance, more precisely a Macro F1c score of 0.829.
SSN [25]: SSN team used a classical approach with just a single ResNeXt-50-V2 optimized with
Adam and plenty of image augmentations, i.e., random crop, transposition, horizontal/vertical
�ip, shift, scale and rotation. With such an approach, they achieved a relatively small error rate
in terms of Top1 Accuracy (14.23%) but reached just the 0.724 in case of Macro F1c .
UAIC AI [26]: This team used relatively old CNN architectures GoogLeNet [34], VGG16 [35]
and ResNet-18 [30]. Even though they did not achieve high scores, they helped us to understand
the magnitude of the di�erence in performance between "pioneer" and the current state-of-theart architectures on a long-tailed �ne-grained dataset. Their best score – 0.785 Macro F1c – was
achieved by the ResNet-18 architecture.
SSN-MLRG [27]: The SSN-MLRG team used the Inception-ResNet-v2 [36] as a feature extractor and concatenated extracted image features with geographic information. Such a feature
vector is later forwarded into trained gradient boosting classi�er. This approach achieved the
worst performance in the competition (0.269 Macro F1c ) and revealed the superiority of the
neural network based classi�ers.
Gokul: This work primarily builds on their solution around ViT (ViT-Base-16) and the CNN
based ResNet101-v2 architectures [20]. An ensemble of both, with a few bells and whistles,
improved the Country Based F1 score up to 0.877 (2nd place).

4. Results and Discussion
We report the achieved performance by all the collected runs in Figure 5, Figure 6, and Figure 7.
The best performing model achieved an impressive Macro F1c of 0.903 while having 94.82%
Top1 Accuracy and Macro F1 of 0.855. Interestingly, the model with the highest Macro F1c was
not the best in terms of Top1 Accuracy and Macro F1 . The main outcomes we can derive from
the results are the following:
Object detection improves classi�cation: Utilization of the detection network for a better region of interest selection showed a signi�cant performance gain in the case of the winning
team. However, such an approach requires additional labelling procedures and the construction
of two neural network models. Furthermore, a two-stage solution might be too heavy for
deployment on edge devices; thus, its usage is probably impossible.
CNN outperforms ViT in snake recognition: Similar to last year’s challenge [10], all participants featured deep convolutional neural networks. Besides CNNs, Vision Transformers (ViT) [33] were utilized by two teams. Interestingly, the performance of the ViT was slightly
worse, which is contradictory to their performance in fungi recognition [37], thus showing that
ViT might not be the best option for all �ne-grained tasks.
Geography improves classi�cation: Same as last year, usage of geographical information
improved the recognition capability. No matter which technique was used, every team that
incorporated the location metadata information increased the system’s performance by a significant margin, e.g., +0.089 and +0.103 Macro F1c , in the case of BME-TMIT and FHDO-BCSG
respectively.
Vast increase in performance: This year we experienced a signi�cant performance increase
in all measured metrics. Comparing the top Macro F1 score achieved in 2020 (0.625) and
2021 (0.864), we can see a 2.75 times smaller error rate. This is mainly due to increasing research
e�orts in automatic snake species identi�cation. With a Top1 Accuracy close to 95%, the 2021
SnakeCLEF challenge helped to build a system that has similar performance to other approaches
for natural species recognition [38, 39, 40, 41].
Increased interest in automatic snake species recognition: This year the SnakeCLEF
2021 challenge attracted seven research teams from India, Czechia, Germany, Romania, and
Hungary. This is so far the biggest participation in our Snake Identi�cation challenges and
even exceeds participation in other well-established LifeCLEF challenges. In 2022 we hope that
interest will continue to increase.
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Figure 7: O�icial Top1 Accuracy scores achieved by all runs to the SnakeCLEF 2021 competition.
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5. Conclusions and Perspectives
This paper presents an overview and results of the second edition of the SnakeCLEF challenge
organized in conjunction with the Conference and Labs of the Evaluation Forum (CLEF1 ) and
LifeCLEF2 research platform [42]. This year, we based the evaluation on the worldwide species
distribution. We have prepared the largest and most diverse snake image dataset to date,
covering 772 snake species with 409,679 images observed across 188 countries. This dataset
represents the most challenging dataset for automated snake species recognition in existence to
date. For future editions, we plan to focus upon the following:
1. Extend the dataset, with new and rare species as well as reduce the bias towards North
America.
2. Integrate the snake species toxicity level into the dataset and lower the possibility of
medically-critical mis-prediction, i.e., confusion of venomous species with non-venomous.
3. Compare machine-learning based algorithms with human experts to better evaluate how
far automated systems are from human expertise [4].
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