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Abstract

Identification key represents a powerful tool, which allows users to identify
biological species, such as animals, insects, and plants. This key contains several
steps leading to the corresponding species name. In this paper, we propose a
new method for estimating insects’ identification ease from their charecteristics
values (CV). To realize that, we have investigated; 1- the variations of the
identification ease level (IES) of the SPTIPOLL insects, 2- the relation between
the CV and the IES. The obtained results showed that the CV can be used to
estimate the IES of the SPIPOLL insects.
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1. Introduction

Species identification is a formal process in many biological systematics. Sev-
eral approaches for species identification have been proposed in the litterateur
[20] [5] [22] [25]- These approaches can be classified into five main categories:
1- Morphometric-based approaches [4] [7] [11] [6], 2- DNA barcoding-based ap-
proaches [17] [13] [2] [9] [10], 3- Crowd sourcing-based approaches [24] [21] [23]
[3], 4- Computer vision and machine learning based approaches [1] [18] [15] [26]
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[14] and 5- key-based approaches [8] [19] [12] [16]. In Morphometric-based ap-
proaches, the species are identified according to their length, width, height or the
geometry of their morphological structures. DNA barcoding based approaches
use information of one or a few gene regions (short genetic marker) to identify
the species. In Crowdsourcing-based approaches, citizen scientists and biologists
identify the species in a collaborative way, based on different computer-based
tools .

Computer vision and machine learning based approaches identify the species
automatically using the extracted relevant features from the species images. In
the first step, the species images are transformed to a tractable domain and
stored in the training dataset. Then, an unsupervised learning algorithm is
trained using the training dataset and will be used to identify the species. Key-
based approaches allow users to identify the species through an identification
key that is considered dichotomous if there is only two descriptions in each step,
and polytomous in the other case. Identification key takes the form of a decision
tree and is designed to guide the users to find the corresponding species name,
through successive identification steps. In each step, the user should answer
a question about one characteristic for identifying its description, until finding
the corresponding species name. In dichotomous identification key, the users
are obliged to follow the order of the proposed questions, while in computer
assisted identification key (such in Xper3 identification key) the users can choose
to answer any question.

Furthermore, Identification key represents a powerful tool for the teaching
of biodiversity for the beginners, and for accelerating the species identification
process in citizen sciences website like the SPIPOLL !. In this website, the
users are asked to update pictures of insects pollinators and flowering plants
and identifying them directly by choosing the taxon name, or with the aid of
a visual interactive identification key, generated by the Xper3 web platform.

Finally a group of expert users will validate the identifications. Figure 1 shows

Lhttp://www.spipoll.org/
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Figure 1: An example of the use of Xper3 identification key.

an example of the use of Xper3 SPIPOLL identification key.

The Xper3 represents a collaborative knowledge base platform that allows
creating interactive identification keys. In the SPIPOLL, the set of required
steps can represent an identification path (IP) leading to the species name. The
length of IP varies from species to another, according to the characteristics
values (CV) of the species. Figure 2 shows three IPs of three different flies from
the SPIPOLL database. From this figure, we can see that the two last flies
that share the most characteristics have longer IPs than the first fly that has
specific characteristics (presence of metallic reflections). The two last flies might
considered also harder for identification than the first fly, due the resemblance
between them. Hence, we can assume that the presence of certain CV on the IP
can affect the ease identification degree of the insect. In this paper, we propose

a new method for estimating insects’ identification ease from their CV.
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Figure 2: Three IPs of three different flies from the SPIPOLL database.

2. Do the SPIPOLL insects have the same level of identification ease?

In the SPIPOLL, each insect picture is first identified by the observer and
then validated by an expert user. This validation represents the final and the
true identity of the insect. Therefore, we calculated for each insect, the rate
of correct identification. For each picture, we compare its initial identification
with the corresponding validation (the final identification). Then, we obtained
a score which represents the identification ease score (IES) of the insect. Figure
3 shows the obtained ground truth identification ease scores of the SPIPOLL

insects.

3. Is there any relation between the CV and insect TES?

As we said in the introduction, the presence or the absence of certain CV can
facilitate the identification process or make it harder. To verify this hypothesis,
we have applied a clustering algorithm on a set of 134 insects according to their
CV. These insects have diffirent IES and belong to different insect families. First
we have constructed a binary matrix wich represents the insects and their CV.
In total we used 193 CV. Then we applied k-means algorithm on the obtained
matrix and we obtained 6 insects’ clusters. This number of clusters represents
the ideal number of clusters obtained by the Elbow method as shown in figure

4.



Identification scores for the whole SPIPOLL insects

Identification scores
o o
> ©

°
>

°
~

A

o 100

Figure 3: The ground truth identification eases scores of the SPIPOLL insects. The IES of

Insects with imprecise identification
score (with less than 10 validations)
200 300 400 500
Insects

Insects with fewer than ten validations are considered imprecise.

The Elbow Method

1300 A

1200 A

1100 A

1000 A

8
¢

800

700

Within Cluster Sum of squares (WCSS)

T T
2 4 6 8 10
Number of clusters K

Figure 4: The ideal number of clusters estimated by the Elbow method.



ko4
@

°
o
g

.
.
Clusters

o
kS
.
.
.
~

The first identification ease score
o

I
N

0.0 .

Dfﬂ G.IZ D.‘4 016 0,‘8 1?0
The last identification ease score

Figure 5: The relation between the IES and the insects clusters. The insects with the same

color belong to the same cluster.

Each cluster contains a set of insects with the similar CV. To test if there
is any relation between the obtained clusters and the IES, we have designed a
graph which shows the variation between the first IES and the last IES for each
insect. The first IES is calculated using the first given correct identification.
The last IES is calculated using the last given correct identification. Then we
have colored the insects of the same clusters with the same color. Figure 5 show
the relation between the IES and the insects clusters. From this figure, we can
see that for the most insects, the two IES is almost the same. We can see also
that the insects of the same cluster have close IES, which prove the relation

between the IES and the CV.

4. Can the CV estimate the insect IES?

In our case, each characteristic value C'V; can be used to describe one or more
insects from the SPIPOLL. Figure 6 show the relation between the C'V and the
SPIPOLL insects. We note IN.S; the set of insects who have the characteristic

value C'V;. Hence, we can calculate for each an TES as follows:



_ IES(IN;
JES(O%):EINJEIE;;}S" (IN;)

Where: IN; : is an insect belonging the insects set INS; . |IN;| : is the

number of insects that have the characteristic value C'V; .
The obtained IES of CV will be used to calculate an estimated IES for each

insect I N; as follows:

|CVinN, |

Where: C'V1y;, : is the set of characteristics values of the insect IN; .

IESestimated (IN’L) =

|CV1N,]| : is the number of characteristics values of the insect IN;.

To verify if the CV can estimate the insect IES, we compare the ease iden-
tification estimated ranking with the ground truth ease identification rankings
for a set of 134 insects. For each insect, we generate its ground truth IES, by
comparing its identifications with the corresponding validations. Then, we cal-
culate the ease identification estimated score for each insect using its CV ease
identification scores. The comparison between every two scores is based on two
evaluation metrics: The Spearman’s rho and Kendall’s tau, which measure the
correlation between the ideal ranking (the ground truth ranking) and the esti-
mated ranking. We calculate Kendall’s Tau and Spearman’s rho for the 50, 80,
100 and all top ranked insects. Figure Figure 7 illustrates the statistical results
regarding Spearman’s rho and Kendall’s tau distance between the ideal and the
estimated rankings.

From this figure, we can see the moderate correlation between the ideal
and the most estimated ranking. We can see also that the Spearman’s rho
correlations reduce when the number of ranked insects increases, unlike the
Kendall’s tau correlations that increases when the number of ranked insects
increases. The two measures give the same correlations for the top 100 ranked
insects. This result proves that the CV of insects has a moderate correlation with
the insect IES. In the other hand, the Spearman’s Rho gives a high correlation
for the top 80 ranked insects. Thus, we can see that the CV can be used to



Figure 6: The relation between the CV and the SPIPOLL insects. CV are with red color and

insects are with green color.
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estimate the identification ease degree of the SPIPOLL insects.

5. Conclusion

In this paper, we have studied the relationship between the insect identifica-
tion ease degree and the identification key. 193 characteristics values (CV) paths
have been extracted for a group of 134 insects from the SPIPOLL database. For
each CV we have calculated an ease identification score (IES) according to the
average of IES of the insects that have this CV. Then for each insect, we have
used the obtained IES of the CV to calculate an estimated IES to construct an
estimated ranked list of insects. Finally, we have compared the obtained esti-
mated ranking list with the ground truth ranked list of insects. The obtained
results showed a high correlation between the estimated IES and the ground
truth IES, which prove that the CV can be used to estimate the IES of the
SPIPOLL insects.
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