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1. Introduction

In the modern world, machine-learning methods 

of science. For example, they are used in the sequence 
data mining of DNA (Yang et al., 2020). Computer 
vision methods and neural networks are widely used in 
biology for object recognition (Majaj and Pelli, 2018; 
Sánchez et al., 2019). In biology, recognition of objects 
in an image provides automatization of statistical 
analysis of organisms, biomass counting, etc. Usually, 
biologists analyze these images manually, whereas 
using special software will help to classify objects 
faster. Additionally, a software interface will allow the 

set of images. It makes the program more visually clear 
for any user.

methods is convolutional neural networks. 
Convolutional neural networks are a very large class 
of architectures, the main idea of which is to alternate 
convolutional layers and pooling layers. The structure 
of this network is unidirectional and multilayered. A 
convolutional neural network consists of an input 
layer, hidden layers and an output layer. These hidden 
layers usually consist of convolutional layers, pooling 
layers, fully connected layers, and normalization layers 
(Hussain et al., 2018). Convolution neural networks 
have applications (Yamashita et al., 2018) in image 

image and video recognition as well as in natural 
language processing. Neural networks that are used 

of output neurons in the last layer as the number of 
classes. This output vector is a set of probabilities of 

value corresponds to the neural network prediction.
Transfer learning is often used to improve the 

accuracy of the prediction of the neural network. 
Transfer learning is a machine learning technique that 
focuses on using the experience gained from solving 

the neural network is trained on a large amount of data, 
then on the purpose dataset. This method is often used 
when a purpose dataset is smaller than the original 
dataset used to train the pre-trained model (Larsen-
Freeman, 2013). Also, transfer learning is applied in 

(Tapas, 2016).
There are many computer vision methods for 

image segmentation and object detection. It can be also 
done using neural networks. The application of computer 
vision methods for segmentation requires converting an 
image to grayscale and then binarizing it. One of the 
most popular binarization techniques is Otsu’s method. 
This algorithm returns a single intensity threshold 
that separates pixels into two classes, foreground and 
background (Otsu, 1979). The Otsu’s method also 
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has an improved version to support multiple image 
levels, which is called the multi-Otsu method (Liao et 
al., 2001). Another popular binarization technique is 
Canny Edge Detection (1986). This technique allows 
the detection of a wide range of edges in images. For 
our dataset, Otsu’s method demonstrated the best 

belong to the regions of interest take the value of 1.
Data augmentation is a technique for creating 

additional training data from existing data. It acts as a 

a machine learning model (Shorten and Khoshgoftaar, 
2019). To achieve good results, neural networks must 
be trained on a large amount of data. Therefore, if the 
original dataset contains a limited number of images, it 
is necessary to perform data augmentation to improve 
the results of the work of the neural network. There 
are many techniques to do data augmentation such 

random crop, random rotation, etcetera (Shorten and 
Khoshgoftaar, 2019). Also, there are color augmentation 
techniques, and the most popular of them are histogram 
equalization, white-balancing, sharpening, blurring, 
and enhancing contrast or brightness (Galdran et al., 
2019). Several of these techniques can be combined.  
Implemented augmentation techniques increase the 
original dataset by a factor of 10.

In our study, we try to connect computer vision 

Phytoplankton samples were collected from the 
shallow zone at the Listvyanka settlement (southern 

February to May 2021. This area has no continuous ice 

Utermöhl solution and concentrated by sedimentation. 
The concentrate was placed into a 0.1 mL cell and 

The original dataset 
with dimensions of 3488x2616, each of which might 
contain several instances of each class of recognizable 
objects. 4622 original phytoplankton images were 
obtained by manual segmentation. Our neural network 
was constructed based on the phytoplankton taxa 
Cyclotella minuta Antipova (162 images), Aulacoseira 
baicalensis Synedra 
acus subsp. radians (Kütz.) Skabitsch (213 images), 
Cryptomonas Rhodomonas pusilla 

Dynobrion cylindricum 
Imhof (411 images), Gyrodinium helveticum (Penard) 
(226 images), Peridinium baicalense Kiselev et Cvetkov 
(314 images), Gymnodinium baicalense (197 images), 
and Koliella longiseta

The Watershed algorithm was applied to image 
segmentation. The input image was blurred with mean 

image was binarized with Otsu’s method. Then, the 
distance to the closest zero pixels for each pixel of the 

source image was calculated. After distance calculating, 
we found local maxima and implemented the Watershed 
algorithm. The result of applying this algorithm is a 
matrix of labels that can be converted into an image. 

it allows selecting them according to these numerical 
labels.

We used a pre-trained Xception neural network 
(Chollet, 2017) as the initial network and created a 
‘target’ neural network using transfer learning (Pratt 
and Jennings, 1996) technology, in which two dense 

used the following parameters of the neural network: the 

of 30% (to avoid retraining of the neural network) and 
the output layer, with softmax activation function. To 
train the neural network, the following datasets were 
used for each of the 10 species: 184 images for training 
and 30 images for validation. Learning took place for 
100 epochs with the stochastic gradient descent (SGD) 
optimization function and the learning rate parameter 

in i) outlet contours from oval to rectangular (Fig. 1) 
and ii) grouping of objects from single to mass clusters 
(Fig. 2). As a result, the program detects single objects 
in the images with an accuracy of 90%. In images with 
noisy regions or other objects (such as incomplete 
parts of objects), the accuracy decreased to 72%. In the 
case of objects intersection when many objects have 

sample of images of each type, the accuracy was 62% 
(Fig. 2). 

The trained neural network most accurately 
 A. baicalensis, Cryptomonas sp., C. minuta, D. 

cylindricum, K.longiseta, P. baicalense, and S. acus with an 
accuracy > 80% (Table). The most mistakes concerned 

Rh. pusilla with an accuracy of 48% 
where 48% of images were regarded as Cryptomonas 
sp. It was unexpected because Cryptomonas sp. was 
detected with high reliability (Table) and confused 
only with Rh. pusilla in 11% cases. For this reason, the 
special train neural network was formed for only these 
two species. The accuracy of this neural network is 96% 
for the recognition of Cryptomonas sp. and 77% for Rh. 
pusilla. Moreover, other spatial network was formed 
for the assemblage of G. helveticum, P. baicalense and 
G. baicalense. The accuracy of this neural network 
was 90% for G. helveticum, 88% for G. baicalense. and 
96% for P. baicalense. The architecture of these neural 

number of neurons in the output layer.
 At present, the phytoplankton assemblage of 

136 million cells L-1 with biomass of 0.004-2.13 g m-3. 
Diatoms (20 taxa) were represented by A. baicalensis, A. 
islandica, C.minuta, C. baicalensis, Nitzschia graciliformis, 
S.acus, and Stephanodiscus meyeri. Gyrodinium 
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helveticum, G. baicalense, P.baicalense and Glenodinium 
sp. predominate in Dinophyta. Rhodomonas pusilla (up 
to 6064 thousand cells L-1) dominated Cryptophyta. 
Chrysophyta were formed by Chrysochromulina parva 
(up to 6439 thousand cells L-1) and D.cylindricum (up to 
192 thousand cells L-1). Chlorophyta was represented 
by Monoraphidium contortum, M. arcuatum, K. longiseta, 
and Chlamydomonas
et al., 2020). Hence, the constructed three networks 

phytoplankton with high accuracy.  

In this study, we tested the neural networks for the 

data set of species of Diatoms, Dinophyta, Cryptophyta, 

phytoplankton. We constructed three networks for i) 
A. baicalensis, C. minuta, D. cylindricum, K.longiseta, P. 

baicalense, S. acus; ii) Cryptomonas sp. and Rh. usilla; 
iii) G. helveticum, P. baicalense and G. baicalense. 
The accuracy of these neural networks was >80%. 
The software developed for object detection allows 
segmenting of many objects in images. This software 
can detect isolated objects with high accuracy. This is 

to allocate single objects in non-noisy images. In the 
future, it will be necessary to supplement the dataset 
with rare species because the number of images, on 
which the neural network is trained, in some species is 

in the general dataset that we tested. Therefore, the 
results are undoubtedly less reliable. 

The authors thank A.S. Kazimirov from Institute 
of Mathematics and Information Technologies, Irkutsk 
State University for theoretical advice.

Fig.2.
image, C - intersecting objects in image without noise).

Fig.1. Sample images of phytoplankton taxa that can be recognized by software in this study (A - Aulacoseira baicalensis,
Cyclotella minuta, C - Synedra acus, D - Cryptomonas, E - Rhodomonas pusilla, F - Dynobrion cylindricum, G - Gyrodinium helveticum, 
H - Peridinium baicalense, I - Gymnodinium baicalense, and J - Koliella longiseta).
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A. baicalensis 94 0 0 0 0 0 0 0 0 5
Cryptomonas sp. 0 89 0 0 0 0 0 0 11 0

C. minuta 0 0 98 0 0 1 0 0 0 0
D. cylindricum 0 0 0 100 0 0 0 0 0 0
G. helveticum 0 4 0 0 64 13 0 17 1 0
G. baicalense. 0 5 0 0 9 68 0 17 1 0
K. longiseta 0 0 0 1 0 0 95 0 0 3
P. baicalense 0 1 0 1 3 6 0 89 0 0
Rh. pusilla 0 48 1 0 0 0 0 1 48 0

S. acus 5 0 0 2 0 0 8 0 0 84

In this table, the rows correspond to the actual value, and the columns - to the predicted value; when they intersect, the 
prediction is considered correct.
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1. Introduction

Hydrooptical monitoring of natural water bodies 
widely uses measurements of spectral light attenuation 

, which are important optical 
characteristics containing information about the state 
of the aquatic environment. Their value depends on the 
content of optically active components in water, namely 
suspended solids, chlorophyll, yellow substance, and 
pure water (Kopelevich, 1983; Hong et al., 2004; 
Churilova et al., 2008; 2018; Man’kovsky, 2011; Levin, 
2014; Efimova et al., 2016). Many tasks related to 
the assessment of the state of natural water require 
knowledge of the contribution of these components to 

 at different parts of the spectrum. The universality 
of the physical model of light attenuation in aquatic 
media used in this work allows to us expressly determine 
in real time the physical parameters of individual water 
components, in particular, the concentration and size 
of suspended solids particles, chlorophyll and yellow 
substance as well as to assess the trophicity of water 
bodies by their optical properties.

This work is devoted to the study of the optical 
characteristics of water at the control site “Salemal” 

1, 2020.

The object of the study is the mouth area of the 

occur due to the interaction and mixing of river and sea 
waters as well as to delta formation processes. It includes 
the estuaries of the Ob, Nadym and Taz rivers and the 

studies were carried out during the period of the lowest 
water level (according to the long-term average data 
of the State Committee for Hydrometeorology) and the 
maximum development of the river hydrobiocenoses 
(Yermolaeva et al., 2021). This combination of biotic 
and abiotic characteristics of the ecosystem determines 
the special ratio of their contribution to the optical 
properties of water.

The work was based on the results of treatment 

to September 1, 2020. Table shows the station numbers 
and sampling depths as well as their coordinates.

Light attenuation and absorption by 
the yellow substance ys were measured in the 

ABSTRACT.

Yamal-Nenets Autonomous Okrug) during the lowest water level and the maximum development of 
 in the spectral range from 400 to 

varied m during the study period, and the light absorption by yellow 
substance ys  from 0.1 to m . Concentrations of yellow substance Cys and chlorophyll  Chl were 
determined. For instance, chlorophyll  concentrations in water samples taken at different stations of 

ranged m 3. The maximum content of chlorophyll  in our case was 
m 3. The yellow substance concentration 

determined optically by the calculated yellow substance light absorption  at wavelength 
within 18.8 and m 3 m 3. The average value 

of ys  at .
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laboratory in the wavelength range from 400 to 
800 nm with an interval
single-beam spectrophotometer operating in the mode 
of measuring the spectral transparency (transmittance) 
of water. To determine the spectral transparency of 
water, we used a spectrophotometric method based on 
the principle of measuring the ratio of intensities of two 
light fluxes passing through the studied and reference 
media. A total of 336 measurements of spectral water 
transparency were carried out. Highly purified distilled 
water was used as the reference medium, a control 
sample, in relation to which the measurements were 
made. The light absorption by yellow substance ys  

 measuring the spectral transparency 
of the water purified from aqueous suspension and 
chlorophyll a through “Vladipor” membranes of MFAS-

μm. The values 
of and ys  (at the natural logarithmic base) were 
calculated by the formula, according to expression (1), 
excluding the spectral  of pure water pw

� �
�

� � � �
�
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�
��

1 1

L T
ln ,              (1)

where L is the cuvette length; T I I� � �� � � � � � �/
0

the transparency (transmittance) in relative units; 
I0
respectively, and 

The absolute error of and ys  is induced 
by the spectrophotometer error during transmittance 
measurement (
of a cuvette length. In the experiment, we used cuvettes 

mm long. The maximum absolute error in 
and ys . 

The concentration of yellow substance ys was 
determined from the expression given in (Man’kovsky, 

 Cys ys sp ys� � � � �� �450 450/
. ,             (2)

where sp.ys(
substance (Nyquist, 1979) at =
value ys  in formula (2) is also given by a similar 
calculation as above by summing pw . 

The nature of light absorption by yellow 
substance is due to electronic transitions in the 
molecules of organic compounds (Shifrin, 1983). The 
spectral dependence of light absorption by yellow 
substance ys  is described by the exponential law 
(Kopelevich, 1983)

� � � �
ys e� � � 
 ,                     (3)

where μ
the spectral absorption curve, the value of which is not 

The relative spectral contribution of optically 
active components of water (suspension, yellow 
substance, chlorophyll, and pure water) to was 

It looks as

� � � � � � � � � � � �� � � � � � � � � � � � � � � � �chl ys mol s pw

, (4)

where chl  and ys  are spectral absorptions by 
chlorophyll and yellow substance, respectively; mol  
is spectral scattering by pure water; s  is spectral 
dispersion by suspension, and pw  is spectral 
absorption by pure water. The calculated attenuation, 
according to the formula (1), does not contain data on 
the attenuation by pure water pw pw mol . 
Thus, in (4), the values of obtained due to 
spectrophotometer measurements should be summed 
up with the values of pw taken from the reference 

 1981; Pope and Fry, 1997). 
That was done in our research.

The chlorophyll absorption was calculated using 
the formula

� � � �chl sp chl chlC� � � � � 
.

where Cchl is the concentration of chlorophyll 
3, and sp.chl
m2 1 (Kopelevich, 1983). To calculate pw , we 

 1981; 
Pope and Fry, 1997), and for mol

 1981). 
As suggested in expression (4), spectral light 

attenuation is described via a three-parameter model. 
In contrast to the previous studies, where parameter 

s  is determined experimentally, and ys  is the 
 and the sum of 

other parameters, we propose an alternative approach. 
Since parameter ys  was determined experimentally, 
spectral scattering by suspension s  can be found 
from the expression (4) with the following formula:
  

� � � � � � � � � � � �s chl ys mol pw� � � � � � � � � � � � � � � � ��� ��
. (6)

The concentration of chlorophyll a was found 
by a standard spectrophotometric method according 

Z was 
measured using a Secchi disk.

During the study period, the spectral light 
attenuation, , within 400

at the site near 
the village of Salemal during the lowest water levels 
varied from  to ; the light absorption by 
yellow substance ys  ranged from 0.1 to . 
The average value of ys at 

. The concentration of yellow 
substance, ys, in water samples taken at 14 stations of 

from 18.8 to m  
with an m  (Table).
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For example, Figure shows spectral curves of 
individual optical characteristics obtained for the 

on August 27, 2020).
The same methodological approach based 

on the physical model of light attenuation in the 
aquatic environment was previously used to study the 
seasonal dynamics and spatial distribution of optical 
characteristics of river waters in Europe (Pawlak et al., 
2003), the USA (Julian et al., 2008) and South America 
(Lobo et al., 2017). 

data on the total light attenuation, , in the range 

 as the sum of light absorption, , 
and scattering, , by aquatic environment. In turn, 

, was determined 

pw , dispersed material, s , and colored dissolved 
organic matter (yellow substance), ys . Similarly, 

the sum of mol  and s , assuming that the total 
scattering is negligible due to the yellow substance 

ys . Consequently, we 
found that the values of ys
classes of water were in the narrow range from 2.0 to 

 at 

.
Pawlak et al. (2003) presented seasonal 

variations of light attenuation, 

wavelength of about  was 
 

(spring). At  
 (spring).

Julian et al. (2008) also presented the data on 

Table. Light absorption by yellow substance ( ys), the concentration of yellow substance ( ys) and chlorophyll  (Chl) at 

Station 
number

Depth, m Coordinate ys(450), 
m–1

ys, 
–3 Chl, 

m –3

1.1
1.2
1.3
2.1
2.2
2.3
3.1
3.2
3.3
4.1
4.2
4.3

0 
2 
8 
0 

20 
0 

0

20
0
14

4.0
4.4
4.4
4.7
4.7
4.4

4.9
4.8
4.8
4.6

18.8
20.9
20.7
22.0
22.4
20.9
21.2
26.9
23.6
22.9
22.8
22.8
21.7
21.3

17.0
16.2
22.6
19.2

17.7
17.9
20.3

21.6
18.1
20.2
22.7

Fig. Spectral dependencies of optical characteristics
 ( ); 2 – light absorption by yellow 

substance ys( ); 3 – attenuation by pure water pw( ); 4 – light 
absorption by chlorophyll a chl( ); 5 – spectral dispersion by 
suspension s( )

the total light attenuation 

, and 
, respectively. We also determined the yellow 

substance light absorption at 

.
The calculation of the spectral contribution of 

the main optically active components of river water to 
spectral light attenuation, , at various sampling sites 
of  has shown that the yellow substance 
and suspension have the greatest optical influence on 
the total light attenuation. Here, the values of  and 

ys are given at the natural logarithmic base.
The largest contribution of yellow substance at 

the yellow substance contribution varied from 21.3% 

largest contribution of yellow substance was recorded 
and amounted to 39.4%. 
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Suspension makes the largest contribution to the 
light attenuation at 

suspension contribution increases 
to 71.7% at the same station at = nm. At the 
other stations, the suspension contribution was within 
a wide range from 26.3 to 74.7%. At 
suspension contribution at the Ob varied from 
22.8% (station 3.2) to 74.7% (station 2.3).

to the light attenuation at 
and is less than 0.1%. However, it increases sharply in 
the long-wave region where the values reach 20.7% at 

The contribution from chlorophyll at 

while at , it varied from 1.6% (station 2.3) 
to 3.7% (station 1.3). At 
chlorophyll contribution was observed at station 2.1, 
accounting for

Molecular light scattering by pure water in the 
investigated spectral range is responsible for a small 
contribution (0.1%).

attenuation.
Chlorophyll  content at the Ob iver site near 

the Salemal village was studied on August 27, 2020, 
at 14 stations and different layers (from the surface 

m 3 (Table). In our case, the maximum 
chlorophyll  concentration was recorded at a depth of 

m 3. The 
amplitude and the maximum concentration of the main 
photosynthetic pigment of algae, chlorophyll, indicate 
that phytoplankton development at the Ob mouth at 
the end of August corresponds to highly eutrophic 
water bodies. 

The development of phytoplankton in the Ob 
iver at the end of August was high; in terms of its 

biomass, the water body in this period of the year 
can be classified as highly eutrophic according to I.S. 
Trifonova’s trophicity scale (Trifonova, 1990), more 

m 3. This also agrees with chlorophyll  
content in the range from  to m 3.

New data were obtained on the optical 
characteristics of water at the mouth section of the Ob 

iver during the period of the lowest water level and 
the maximum development of hydrobiocenoses. It was 
found that light attenuation  in the spectral range 
from 400 to 800 nm varied  
m ; the index of light absorption by yellow substance 

ys  was from 0.1 to 12.2 m . The mean relative 
transparency measured with the Secchi disk at different 

substance in water samples ranged from 18.8 to 26.9 
g m m . New data on 

chlorophyll  content in the studied sites of the Ob river 
were obtained. The maximum content of chlorophyll 

accounted for 
22.7 mg m . It was found that the yellow substance and 
suspended solids were the most significant optically 
active components affecting the total light attenuation in 
the Ob iver waters. The results obtained for the mouth 

rivers studied with the methodological approach based 
on the physical model of light attenuation in aquatic 
environments. This allows us to make recommendations 
for the inclusion of hydro-optical characteristics in the 
program of monitoring and forecasting the dynamics of 
aquatic ecosystems in the region under climate change 
and increasing anthropogenic load due to the use of 
natural resources.

The work was carried according to Agreement No. 

Center for Arctic Development” dated August 18, 2020, 
for conducting “Integrated research of the Gulf of the 
Ob within the framework of the “Environmental safety 

in 2020”, as well as within the framework of the 

AAAA-A17-117041210241-4).

a measuring computer system for assessing ecologically 

reservoirs (by the example of lakes in Altai Krai). Cand. Sc. 
Dissertation, Institute for Water and Environmental Problems 

Parametrizatsiya pogloshcheniya sveta osnovnymi opticheski 
aktivnymi komponentami v Chernom more [Parameterization 
of light absorption by main optically active components in 

Churilova T.Ya., Moiseeva N.A., Latushkin .A. et al. 
2018. Preliminary results of bio-optical investigations at Lake 

Pogloshchenie sveta opticheski aktivnymi komponentami 
sredy v zone fotosinteza glubokovodnoy chasti Chernogo 

active components of environment in the photosynthesis 
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Introduction

The genus Seminemacheilus has six valid species, 
all of which are endemic to Central Anatolia. Six species 
viz. Seminemacheilus lendlii, S. ispartensis, S. ahmeti, S. 
dursunavsari, S. ekmekciae, and S. attalicus were reported 
from Turkish inland waters (Erk’akan et al., 2007; Çiçek 

no trading value, but it is important for the Anatolian 
inland water bodies in Turkey for ichthyofauna and 
biodiversity (Kottelat, 2012).

Length-weight relationship (LWR) studies are a 
pre-requisite for assessing population characteristics 

and growth studies, and conservation (Tabatabaei et 

2018; Eagderi et al., 2019). Therefore, these data are 

populations. 
Condition factor (K) is computed from the 

individual (Froese, 2006). It is assumed that the growth 

length and weight and is a useful index for monitoring 
feeding intensity, age and growth rate, and for assessing 

Despite the ecological importance of freshwater 

relationship parameters and condition factors are 
often limited. Although LWR of S. lendlii is determined, 

Seminemacheilus
2017). 

Therefore, this study aimed to determine the 
length-weight relationship and Fulton’s condition factor 
for six species of the endemic genus Seminemacheilus 
inhabiting Turkish inland waters.

 

A total of 287 specimens of the Seminemacheilus 
species were collected from 2017 to 2019 from 
Kizilirmak, Sakarya, Konya Closed, and Mediterranean 

(Table 1; Fig. 1). After anesthesia, the specimens 

to the laboratory. The total length (TL) and the total 
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weight of each individual were measured using digital 
calipers to the nearest 0.01 cm and 0.01 g, respectively. 
The length-weight relationship was determined by 
the method of least squares using the equation W = 
a(TL)b and logarithmically transformed into log(W) 
= log(a)+blog(TL) (Froese, 2006), where W is the 
whole-body weight (g); TL is the total length (cm); a 
is the intercept, and b is the slope. Prior to regression 
analyses, log-log plots of the length-weight pairs were 
performed to identify outliers (Froese et al., 2011). 
Outliers perceived in the log-log plots of all species 
were evacuated from the regression. The degree of 
correlation between the variables was assessed by the 

2 2 
was estimated by ANOVA. The student’s t-test (ts) was 
used to determine whether parameter b

in Excel 2016 and PAST v3.26. The condition factor (K) 
was determined by using the formula of K = (W x 100) 
/ (TL)3, where TL is the total length (cm) and W is the 

2006).

n

six Seminemacheilus

collected specimens, new maximum total lengths were 
recorded for four species, including Seminemacheilus 
ahmeti S. dursunavsari (9.1), S. ekmekciae (8.2), 
and S. ispartensis (8.6). Table 2 provides the number of 
individuals, size range (TL (cm) and W (g)) and Fulton’s 

a and b, the 
b

of a 2), and the type of 
growth for the studied species are given in Table 3.

The parameter b
S. lendlii to 3.48 for S. attalicus. It was 

reported that the value of b
and 4.0 (Tesch, 1971), though the ideal value of b is 
3.0 (Froese, 2006). In this study, the b-values of the 

length-weight relationship, b-values that are higher and 
lower than 3 indicated positive and negative allometry, 

was positively allometric for S. ahmeti, S. attalicus 
and S. ekmekciae, isometric for S. dursunavsari and 
negatively allometric for S. ispartensis and S. lendlii. 

Fig.1. A - Seminemacheilus ahmeti, 49.7 mm standard 
Seminemacheilus attalicus

length; C - Seminemacheilus dursunavsari
length; D - Seminemacheilus ekmekciae, 
length; E - Seminemacheilus ispartensis
length; F - Seminemacheilus lendlii, 49.6 mm standard length. 

Table 1. Sampling stations data.

Species Province Habitat Latitude Longitude

S. ahmeti Kayseri Sultan Marsh
S. attalicus Antalya Mediterranean

S. dursunavsari Konya Input of Alanözü pond Eastern Mediterranean 37°07’48’’N 32°42’19’’E
S. ekmekciae Konya 20 km nearest to Kulu Konya Closed 39°02’13”N 32°48’36”E
S. ispartensis Isparta Isparta Creek Mediterranean 30°46’47”E

S. lendlii Afyonkarahisar Spring canals at Sakarya 39°03’20”N 30°16’49”E

2) between length and 
weight varied from 0.966 for S. lendlii to 0.988 for S. 
attalicus r) indicated a 
positive relationship between the length and weight of 
the studied species.

The values of condition factors (K) of the 
studied species ranged from 0.77 (S. lendlii) to 1.11 (S. 
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attalicus
interactions between biotic and abiotic factors on the 

Seminemacheilus is the endemic genus to Central 
and Southwestern Anatolia of Turkey. This genus 
inhabits small streams and shallow ponds with sandy 
and clay bottoms covered by dense vegetation. All these 
species now live in very small habitats as the wetland 
has been drained and dried due to drought and habitat 
destruction in recent years. 

This genus needs protection due to various 
ecological disturbances in its habitats. However, 

on the length-weight relationship and condition factor 
for the genus Seminemacheilus.

species of a man-made lake in Imo State, Southeastern 
Nigeria. Turkish Journal of Fisheries and Aquatic 

Çiçek E. 2020. Seminemacheilus dursunavsari, a 
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Length-weight relationship of ten species of Leuciscinae 
sub-family (Cyprinidae) from Iranian inland waters. 

Erk’akan F., Nalbant T.T., Özeren S.C. 2007. Seven 
new species of Barbatula, three new species of Schistura 
and a new species of Seminemacheilus (Ostariophysi: 

Table 2. Descriptive statistics for length and weight and Fulton’s Condition Factor (K) for six species. 

TL(cm) W (g) Mean K (Range)

Species N Min Max Min Max

Seminemacheilus ahmeti* 3.3 0.31 4.76 1.03±0.11
(0.77-1.32)

Seminemacheilus attalicus* 4.0 7.9 1.11±0.10
(0.77-1.27)

Seminemacheilus dursunavsari* 32 4.0 9.1 0.77±0.08
(0.99-1.13)

Seminemacheilus ekmekciae* 4.3 8.2 0.66 0.99±0.11
(0.80-1.21)

Seminemacheilus ispartensis* 4.2 8.6 0.78 1.02±0.09
(0.84-1.20)

Seminemacheilus lendlii 4.2 7.7 0.78 3.82 0.99±0.11
(0.84-1.20)

N - number of individuals; Min - minimum; Max - maximum; K - Fulton’s Condition Factor

Table 3. Estimated parameters of length-weight relations and type of growth for six species.

Regression parameters 95% CL of a 95% CL of b GT

Species N a b r2

S. ahmeti* 0.0063 3.28 0.970 3.16-3.40 +A
S. attalicus* 3.48 0.988 0.0028-0.0062 3.31-3.73 +A

S. dursunavsari* 32 0.0078 3.12 0.984 2.97-3.39 I
S.  ekmekciae* 3.30 0.969 0.0044-0.0071 3.18-3.44 +A
S.  ispartensis* 0.0187 2.62 -A

S.  lendlii 0.0208 0.966 0.0134-0.0329 2.29-2.80 -A

N - number of individuals; GT - type of growth; a - intercept; b 2
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