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a b s t r a c t

For the problem of rough irrigation habits and low irrigation efficiency in Hetao irrigation area in China, 
which only pays attention to increasing yield, this paper proposes a method of accurate extraction of 
canal information based on fusion of rules and image enhancement in order to improve the level of canal 
irrigation management in Hetao irrigation area. Accurate calibration of canal information is the premise 
of precision irrigation management. For satellite remote sensing, it is difficult to collect information with 
high accuracy in sub lateral ditches in the field. For ground stations, calibration work is difficult to move 
flexibly with the target. Therefore, based on UAV remote sensing images and object-oriented segmen-
tation method, a fusion of rules of two spectral features and two shape features was adopted. The opti-
mal combination rule of “image enhancement splicing threshold 2%, normalized chromatic aberration 
coefficient a = 0.1, b = 0.9, c = 1.2, spectral average less than 98, minimum enclosure rectangle aspect ratio 
between its minimum value and 1, extension line greater than 1 meter” was obtained. The information 
of some ecological canal system in Hetao Irrigation District of Inner Mongolia was extracted, and the 
recognition accuracy reached sub lateral ditches level. The two evaluation methods of canal system cali-
bration were put forward and the experiment was evaluated. The correct rate of sample 1 interpretation 
of combination rules was 87.5%, SNR (Signal-to-Noise Ratio) of classification results was 7.602, which 
provided accurate canal system information for precise irrigation operation and management. 

Keywords:  Precision irrigation; Hetao irrigation area; Ecological canal system; UAV remote sensing 
image; Image segmentation; Feature extraction.

1. Introduction

Precision irrigation technology is a systematic project, 
which is based on the integration of multiple information tech-
nology platforms and various agricultural technologies in 21st 

century [1,2]. The precision irrigation technology is based on 
the big field tillage. According to the requirements of the crop 
growth process, the results are obtained by modern testing 
methods, and the most accurate irrigation facilities are used 
to fertilize the crop radially with high efficiency [3,4]. In order 
to increase yield, the single focus on the expansion of planting 
area and the rough irrigation tradition made the ecology of 
Hetao irrigation area very fragile for a time [5,6]. As an import-
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ant part of precision agriculture, precision irrigation improves 
the irrigation efficiency of self–flowing irrigation area by leaps 
and bounds [7]. Xue and Ren [8] analyzed and evaluated the 
agricultural hydrological model of Hetao Irrigation District 
in Inner Mongolia. It was concluded that the improvement 
of irrigation management could improve the productivity of 
Hetao Irrigation District and save groundwater, which had 
been decreasing gradually in recent ten years. However, the 
article only gives a brief description of the canal system and 
gives a basic overview of the canal system in Hetao irrigation 
area, and the canal system management is very important in 
groundwater management. Wang et al. [9] described in detail 
the construction and operation management of farmland 
drainage ditch and pond wetland system in ecological irriga-
tion area, pointed out the importance of drainage ditch and 
pond system for ecological irrigation area, divided the scale 
of farmland drainage ditch and pond system, and pointed 
out the importance of farmland drainage ditch and pond sys-
tem operation and management. The operation and manage-
ment methods described above were comprehensive, and the 
economic output per unit water volume of irrigation water 
management was analyzed with multi-factors. However, the 
combination with technical level was less, and there was no 
more description of information extraction and improvement. 
The practical application needed further study and discussion. 
The artificial and natural composite surface water system in 
Hetao irrigation area is the most important and positive factor 
in the regional water cycle [10,11]. This means that in the mod-
ern ecological construction of Hetao irrigation area, attention 
should be paid not only to the technical aspects of precision 
irrigation, but also to the management methods. 

The premise of water use management and canal system 
dispatching management is information management, and 
the calibration of precise geographic information coordi-
nates of field furrows and buckets is the key factor to obtain 
information of ecological canal system [12,13]. In general, cal-
ibration of such geographic information (sub lateral ditches 
level) is carried out with carrier calibration and manual cali-
bration. For large irrigation districts such as Hetao irrigation 
area, there are limitations in calibration and manual calibra-
tion. The calibration of ground vehicles will not only damage 
farmland and its crops, but also require high performance of 
ground vehicles. The manual calibration efficiency and its 
inefficiency are extremely unsuitable for such a field farm-
ing environment as Hetao Irrigation District. Compared with 
the above two calibration methods, UAV, as a remote sens-
ing platform, is not restricted by working environment in all 
kinds of applications except extreme weather [14–18]. Gago et 
al. [19] improved the level of irrigation management by using 
UAV remote sensing platform and various spectral informa-
tion vegetation evaluation indicators. In the concept of pre-
cision agriculture, remote sensing technology can provide 
observation data with high timeliness, coverage and objectiv-
ity, and can improve the level of agricultural detection system 

[20,21]. Commonly used remote sensing platforms include 
satellites, UAVs and ground stations. Generally, the resolu-
tion of civil satellite remote sensing is not enough to complete 
the agricultural statistics work which needs high-resolution 
remote sensing data in precision agriculture, such as the iden-
tification of sub lateral ditches, and the need of 0.1 m or high-
er-precision remote sensing data [22–24]. The ground station 
has the highest resolution of remote sensing, but its high con-

struction cost is too difficult to popularize. The advantages 
of UAV remote sensing technology are: compared with sat-
ellite remote sensing, UAV remote sensing is less affected by 
clouds; low-altitude flight greatly improves resolution; strong 
emergency response capability, and high efficiency on duty. 
These advantages have great potential for the application of 
UAV remote sensing technology in agriculture [25,26]. 

As we all know, feature extraction is a systemic problem. 
An extraction object usually has many features in a dataset 

[27,28]. For target extraction and extraction problems, high 
resolution images do not have advantages in pixel-level clas-
sification [29–32]. High resolution data, including image data, 
radar data, etc., where one or a few pixels or a few units of 
information usually do not fully express an extraction element 
[33–35]. The extraction of information, and a real-world object 
cannot be described clearly by a single pixel value [36]. Thus, 
dividing the original data into objects can greatly reduce the 
computational complexity of high-resolution data in data 
processing [37,38]. And in the process of object segmentation, 
it is possible to eliminate partial noise in the data [39]. For 
object-oriented remote sensing data, we can adjust the scale of 
segmentation to process as much as possible a unit belonging 
to an object in space as an object has been achieved in many 
studies. Jozdani et al. [40] introduced the work of extract-
ing buildings from remote sensing data through multi-scale 
segmentation and subsequent processing, but for this study, 
the characteristics of buildings and canals are very different, 
and the environment is different, so the reference is poor. The 
method presented in [41] can solve the problem of information 
loss of high-resolution remote sensing data very well, but the 
scale of farmland remote sensing data described in this paper 
is different from that in this study. The information of ecolog-
ical canal system in some irrigation areas is supplemented in 
this paper, but it is not very helpful to the information of sub 
lateral ditches level. Refs. [42–44] is suitable for segmentation 
of required features. In view of the features that need to be 
extracted in this research, the application of multi-scale seg-
mentation in high-resolution remote sensing data is necessary. 

Therefore, fusion of rules method can greatly improve 
the extraction accuracy and SNR of feature extraction results. 
Canal system features can be described by many rules, but 
the description of single feature rule is not enough to extract 
canal system from remote sensing image data. Aiming at 
the artificial-natural compound surface water system in the 
ecological canal system construction project of Hetao Irri-
gation District, in order to improve the management level 
of irrigation water, the UAV remote sensing technology is 
used. Some remote sensing image data collected by UAV 
was fused with object-oriented segmentation method, two 
spectral-feature rules and two shape feature rules. The dis-
tribution information of farmland ecological canal system 
in irrigation area was extracted, and the evaluation indexes 
of accuracy rate based on distance and SRN based on clas-
sification results were put forward. Combined with the 
geographic information obtained by UAV, the precise coor-
dinates of farmland ecological canal system in irrigation 
area can be obtained, which can provide accurate reference 
data for the next precise irrigation diversion work.

2. Data and methods

The total area of Inner Mongolia Hetao irrigation area 
is 112 × 103 km2, the irrigation area of the river diversion 
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river reaches 57.4 × 103 km2 , the annual water quantity of 
the Yellow River is about 50 × 108 m3, as shown in Fig. 1. The 
main channel (180 km) through the west to the east through 
the various levels, the water supply of the main canal, and 
the irrigation and retreat of the farmland into the main ditch 
(220 km) in the northern part of the irrigation area through 
the main gully at all levels. The main channel, the main 
ditch, and main gully have lining treatments. Therefore, 
under the extensive irrigation conditions, the waste of the 
sub lateral ditches is the main reason for the low irrigation 
efficiency in the irrigation area.

2.1. Remote sensing image data pre-processing

Image pre-processing is the first step in image segmen-
tation. In remote sensing data, taking UAV remote sensing 
image as an example, the acquisition of remote sensing data 
is easily disturbed by weather, such as fog and haze. If the 
image is disturbed, and the features of remote sensing data 
are not easily identified in the original image, the threshold 
of remote sensing image processing is difficult to be seg-
mented, and the difficulty of the further classification of 
remote sensing images is further increased.

The processing method of linear drawing is the same as 
that of gray scale drawing transformation:
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where Data and Data´ represent the gray value of the input 
image, and the output image respectively. After linear trans-
formation, the gray value between A and B is stretched, and 
the interval less than A and B is suppressed. In the same way, 
for the RGB image, the decomposition RGB model color 
image is 3 color channels, and the pixel gray value-based 
operation on the decomposed 3 color channels is enhanced 
respectively. Finally, the enhanced 3 channels are synthesized 
into new color images. Take the R channel as an example:
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where RData is the value of the input R channel pixels, 
RData' is the value of the output R channel piexls. This 
method is very good for the enhancement of the middle 
area, which is very suitable for the remote sensing image 
data of UAV. In this paper, the linear drawing of color image 
is applied to the images which are difficult to be segmented 
by the threshold, or the original image is photographed in 
the dark environment. Experimental results are shown in 
Fig. 2.

As shown in Fig. 2, first, the threshold of linear stretch-
ing is set to 2%, linear cutting stretching is based on the lim-
its of 2% and 98%. The values of the nearest distribution are 
selected as the range of tensile data respectively. As shown 
in the above picture, the RGB image is shown in the R chan-
nel, and the two ends of the dotted lines are 2% and 98% in 
the upper drawing as A and B in Eq. (1), and the data in the 
two thresholds are intercepted into the new graph. Linear 
stretching, as shown on the right, the histogram distribu-
tion in the histogram of R channel is more average than that 
in the left map, and the same G and B band data are even 
more uniform than before.

2.2. Image segmentation based on object-oriented method

In the development of geographic information sys-
tem image classification, the resolution of high-resolution 
remote sensing data is increased, but the classification 
method based on pixel, such as the classification based on 
the spectrum and the classification based on the decision 
tree, has low resolution and an increase in the error. The 
object-oriented classification divides the remote sensing 
data into multiple objects, and classifies the object based 
on the segmentation object, which makes the work effi-
ciency and resolution precision greatly increased as shown 
in Fig. 3. Furthermore, different methods can get different 
results.

Fig. 1. General situation of canal system in Hetao irrigation area.
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Image segmentation is the first step and the most cru-
cial step of object-oriented method. The selection of the 
segmentation threshold directly determines the accuracy 

of the object-oriented image segmentation. The selection of 
the high-scale image segmentation-threshold will separate 
the few spots, so the segmentation greatly eliminates the 
noise caused by the image stretching, but the useful infor-
mation which is needed will be eliminated. The selection of 
a low scale image segmentation threshold will divide more 
objects with the richer information, but the segmentation 
effect affects the accuracy of the classification effect. The 
other threshold provided by ENVI 5.1 is the combination 
threshold, which combines the segmentation image further. 
To a certain extent, it can eliminate the noise generated by 
the segmentation threshold, and other noises are eliminated 
in the regular classification, but the high resolution cannot 
reach the requirement of the resolution.

In view of the remote sensing image data collected, the 
segmentation threshold can be set low because of its high 
resolution, which can make it 40; there are many sundries 
in the field. It is necessary to remove a part of the field in 
the merged part, so that every field should be treated as 
an object as far as possible, and the choice of the combina-
tion threshold of this paper is 95. The processing results are 
shown in Fig. 4.

2.3. Definition of factor based on rule classification

In defining the factor stage, the definition elements of 
object-oriented classification are classified into rule-based 
classification and supervised classification. Rule classifi-
cation is composed of several rules in each classification, 
and each rule has several attribute expressions to describe. 
Attribute expressions correlate with other attribute expres-

Fig. 2. Linear stretching (as an example of R channel), A is the original map of the canal system, B is a stretched figure, the original 
histogram of R channel is C, and D is the stretched histogram of R channel.

Fig. 3. Technical route of object-oriented image segmentation.
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sion as sum aggregate, Rules correlate with other rules 
as intersection. The same kind of ground objects can be 
described by different rules. In remote sensing images, 
such as water bodies, and the water bodies can be artificial 
ponds, lakes, rivers, and natural lakes and rivers. The rules 
are different, and many rules are needed to describe each 
rule, and each rule has several attributes. The classification 
based on supervision is to manually interpret and select 
representative objects on the basis of the objects that have 
been divided, and the computer automatically adjusts the 
rules according to the selected samples. The classification 
based on supervision is divided into K Nearest Neighbor, 
Support Vector Machine (SVM), and Principal Components 
Analysis (PCA). 

The supervised classification, the more samples are 
selected manually, the more the object samples are selected 
and the more the samples are distributed in the graph, the 
more accurate the classification results will be, and the accu-
racy can be close to the artificial interpretation accuracy in 
the ideal state. But for the object of this paper, the noise of 
remote sensing data has a great influence on the supervised 
classification, and the actual classification results are noisier. 
It requires a huge amount of manual interpretation and cor-
rection, and the selection of the objects of different remote 
sensing data is different, so, the adaptability of the remote 
sensing data with the same features is poor. Based on the 
definition of the factor of supervision, compared with the 
definition of rule-based elements, the extraction efficiency 
of sub lateral ditches in large irrigation area is low.

Therefore, this research chooses the rule-based classifi-
cation method in the definition stage of this investigation. 
The remote sensing data collected in this work are carried 
out in winter, and the sub lateral ditches in the field are all 
in the dry state. The difference between the spectral infor-
mation and other objects is mainly in the shadow caused by 
the sun being blocked by the boundary of the canal system 
when the image is filmed. Its shadow features are not con-
trolled by many factors, and sublateral ditches are the most 
easily damaged canal system during fallow period. The 
main gully is basically reformed, the bottom and the hard-
ening, as the main water system in the irrigation area, are 
more protected, and the external factors such as the width 
of the ditch and the ditch are easy to identify in the remote 
sensing recognition. On the contrary, due to the direct con-

nection with the irrigated field, the field production will 
affect its integrity to varying degrees. This paper also makes 
a comparison of its features, and makes an artificial inter-
pretation (Ground Truth) based on the segmentation results 
and the definition of elements, and compares the results 
with those of the correct interpretation.

3. Experimental results and analysis

3.1. Classification with spectral mean value rules

Firstly, spectral mean value rule is used to classify 
objects. According to the shadow information, the shadow 
of the field canals is obvious, so when the spectral aver-
age is used to classify the information, the information is 
retained as the shadow information, and the spectral infor-
mation with a smaller average value is retained. Generally 
speaking, the area of canal system in remote sensing images 
is small, so its texture scale is small as well. Because of the 
occlusion of the boundary of canal system, the gray level is 
not smooth, and the shadow area exists. Using this charac-
teristic, the spectral average rule is selected to classify the 
objects. The rule of spectral average first uses the spectral 
characteristics of each remote sensing pixel data of UAV to 
get the average value of each object block, and then uses 
the average value of the obtained spectrum to calculate and 
classify:
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∑∑  (3)

where d is the average spectral value, i is the number of 
rows of pixels, J is the number of columns of pixels, N(i,j) is 
the spectral curve of the pixel in the i row and the J column. 
When d > 98, shadows were deleted, when d > 98, the shad-
ows were kept. When using spectral average to classify, the 
spectral average value of each pixel in the image is calcu-

Fig. 4. Object oriented segmentation results.

Fig. 5. Processing flow of normalized chromatic aberration.
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lated according to Eq. (3), and the spectral map is obtained. 
The information is extracted by setting a reasonable thresh-
old according to the spectrogram.

The spectral mean threshold is manually debugged 
and the average value of the spectrum is less than 98, as 
shown in Fig. 7A. At the same time, the artificial interpreta-
tion comparison based on the extraction results will also be 
given under the result diagram

3.2. Classification with shape rules

In the classification of object elements, the classification 
of objects based on the shape is a typical kind of classifica-
tion method. The limit conditions of the object are round 
degree, the smallest ratio of rectangle length to width ratio 
and so on. When the object is used to classify the shape 
rules, the shape information of the extracted object elements 
needs different shape information relative to the surround-
ing objects. For the objects such as sub lateral ditches in the 
field, the ratio of the length to the width has obvious char-
acteristics relative to other objects, and its aspect ratio is far 
greater than 1. The result of manual interpretation based on 
the result of shape rule classification is also shown below:

max

min

l
P

l
=  (4)

where P is aspect ratio of the minimum enclosing rectan-
gle, lmin and lmax are the width and length of the minimum 
enclosing rectangle, respectively. When P > 1, the objects 
were kept, when ´P ≤ 1, the objects were deleted.

3.3. Classification with the extension line

According to the extraction method of the extension 
line, the features of the geographical information with 
linear feature and the feature of the object lengthening 
are more prominent, such as mountain rivers, etc. The 
extraction of ecological canal system in this paper also has 
good directional characteristics, so it is feasible to use eco-
logical characteristics of extension line to extract ecological 
canal system

{ }max ; ;G L W C=  (5)

where G is the selected extension line in three elements in 
objects. L is the biggest side length in objects, W is the big-
gest side width and C is the longest diagonal or cross line 
in objects.

3.4. Classification with normalized chromatic aberration

Due to the difference in color between the canal and 
the field and the road, the canal area in the image can be 
extracted by using the color characteristics of the canal 
system. Part of the current image segmentation research 
is based on color image segmentation algorithm research. 
The selection of color space is first required before color 
image segmentation. This paper chose the RGB color space. 
Because color images mostly use color space, in order to 
make the color difference between the canal and the field 

more obvious, in order to more effectively segment the 
channel region in the image, it is necessary to select a 
color space to display a more obvious color. The color of 
this experimental image is more distinct in the RGB space. 
After the color space is determined, one or several initial 
color components in the color space are directly used as 
color features to distinguish the color difference between 
the canal and the field. Then based on the color feature, the 
image segmentation algorithm is designed to realize the 
segmentation between the canal and the field. The initial 
color of color space is used as the color feature for image 
segmentation. Because its principle is simple and its mod-
eling work is not complicated, so the segmentation speed 
is fast and the real-time performance is good. In this paper, 
we choose the image segmentation algorithm based on nor-
malized color difference, mainly by calculating the values 
of three components R, G, and B to realize the extraction 
of the canal system. The calculation formula of normalized 
color difference:

( )
a R b B

S
c R G B

× + ×
=

× + +
 (6)

where a + b = 1, a ϵ (0,1), b ϵ (0,1) and c ϵ (0,2). S is normal-
ized chromatic aberration, R, G, B, is the red, green and blue 
channel of the color image. For the color characteristics of 
canal system, we set a = 0.1, b = 0.9, c = 1.2. The processing 
flow is as Fig. 6.

3.5. Classification with combinatorial extraction

Direct combination of rules extraction is destructive to 
feature description, so this paper fine-tuning the descrip-
tion features. In this paper, the information of the ecological 
canal system is as follows: the spectral mean value is less 
than 98, the minimum bounding rectangle length width 

Fig. 6. Processing flow of combinatorial extraction.
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be classified in a short time, and the accuracy is close to the 
accuracy achieved by artificial interpretation. However, the 
highest and most reliable classification method of the high-
est precision is still artificial interpretation. In this paper, we 
manually interpret four sets of categorical data, as shown in 
Fig. 7. Relative accuracy of manual interpretation results has 
been given, and the accuracy of evaluation indicators is given:

1 100%

m
L errors

p L

−∑
= ×

 (7)

ratio is between the minimum and 0.85, and the lengthen-
ing line is more than 1 m. The extraction results were as 
follows. The manual interpretation based on information 
extraction is shown in Fig. 7D.

3.6. Evaluation of experimental results

The methods of geographic information classification 
technology tend to be improved. Many automatic classifi-
cation techniques emerge in an endless stream. In the ideal 
situation, the classification of geographic information can 

Fig. 7. Four sets of rule-based results and interpretations of sample 1. A is classification with spectral mean value rules, B is classi-
fication based on shape rules, C is classification with extension line, D is classification with the normalized chromatic aberration.
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where L = 12 km is known length of sub lateral ditches in 
our sample. The errors is the length of the mistranslation or 
leakage of the sub lateral ditches in various classifications, 
in which the errors  is positive when mistranslated, and the 
errors is negative in the missed translation m is the number 
of missing or mistranslation of sub lateral ditches. Accord-
ing to the above evaluation index, the results of this paper 
were shown in Table 1.

The comparison between Fig. 7, Fig. 8 and Table 1 
can be summed up as follows: First, the auxiliary inter-
pretation assistance based on the definition of the ele-
ments of the three rules can promote the efficiency of 
manual interpretation, the accuracy rate is also higher 
than any single rule. Second, the result of the auxiliary 
interpretation based on the definition of the shape rule 
is inaccurate, and the information obtained by the defi-
nition of the element is more information of the ridge 
than the ecological canal system, the higher accurate of 
auxiliary interpretation result in image enhancement 
caused by overlap display, but it lacks with actual refer-
ence value. It has no positive effect on further research 
based on non-artificial interpretation, such as artificial 
intelligence classification technology. Third, only based 
on the definition of spectral mean factors, rules inter-
pretation is more likely to be misinterpreted, such as 

the translation of ridge of field into an ecological canal 
system.

Aiming at the problem that the evaluation effect of cor-
rect probability of information acquisition and interpreta-
tion in KM unit is not good, we propose another evaluation 
index of correct rate in pixel unit, which is pixel signal-to-
noise ratio:

gZ
SNR

Ze
=  (8)

where SNR is defined as the signal-to-noise ratio of ditch 
pixels in the selected area, Zg is the number of ditch pixels, 
Ze is the number of noise pixels such as ridges and roads.

Through comparison, it is found that the signal-to-noise 
ratio of canal system extracted by normalized chromatic 
aberration and spectral average method is higher; the area 
extracted by extended line rule has larger field area and 
lower signal-to-noise ratio; the area extracted by shape rule 
has larger road and field area and the signal-to-noise ratio 
is the lowest; the normalized chromatic aberration, spectral 
average rule and spectral average rule are used. The combi-
nation of shape rule and extension line rule achieves a good 
extraction of ditches, with the highest signal-to-noise ratio 
and the basic noise filtering of fields and roads. The results 
were shown in Table 3 and Table 4.

Table 1
Result of different extraction of sample 1

Ground truth Spectral mean 
value rule

Shape rule The extension 
line rule

Normalized 
chromatic 
aberration rule

Combinatorial 
extraction

Interpretation of 
length L/km

12 14.5 10 8 18 13

1

m

errors∑
0 2.5 2.5 2 5 1.5

Missing or 
mistranslation 
number 

0 2 4 2 5 2

Correct rate 100% 79.2% 75.0% 80.0% 50.0% 87.5%

Fig. 8. Combinatorial extraction results (left) and interpretations of sample 2.
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Fig. 9. Four sets of rule-based results and interpretations of sample 2. A is Classification with spectral mean value rules, B is classi-
fication based on shape rules, C is classification with extension line, D is classification with the normalized chromatic aberration.

Table 2
Result of different extraction of sample 2

Ground truth Spectral mean 
value rule

Shape rule The extension 
line rule

Normalized 
chromatic 
aberration rule

Combinatorial 
extraction

Interpretation of 
length L/km

6 6.5 3 6 6.5 5.5

1

m

errors∑
0 0.5 4 0 0.5 0.5

Missing or 
mistranslation 
number 

0 1 2 0 1 2

Correct rate 100% 90% 33.3% 100% 90% 90%
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4. Conclusions

In this work, some remote sensing image data collected 
by UAV are processed by ENVI 5.1, and the optimal com-
bination rule of “image enhancement splicing threshold 
2%, normalized chromatic aberration coefficient a = 0.1, b 
= 0.9, c 1.2, spectral average less than 98, minimum enclo-
sure rectangle aspect ratio between its minimum value and 
1, extension line greater than 1 meter” is obtained. Based on 
the combination rule, the distribution information of ecolog-
ical canal system in ecological irrigation area was extracted. 
The two-evaluation index was given, and the result of the 
auxiliary interpretation was compared with the correct inter-

pretation result, and the result of the optimal combination 
rule was 87.5%, SNR (Signal-to-Noise Ratio) of classification 
results was 7.602. The next research will combine the infor-
mation of the canal system with the information of the UAV 
and get the accurate geographic information of the canal sys-
tem or other ecological irrigation areas, thus providing a sci-
entific reference for the management of precision irrigation.
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