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Abstract. Obtaining weed patch maps for herbaceous crops in early season for 
site-specific weed control using remote sensing techniques has been a major 
challenge due to their spectral and appearance similarities. This is particularly 
problematic in the case of narrow row crops as wheat, where the weed 
discrimination has to be undertaken in a short time window for a timely post-
emergence control, and using images with better resolution than the usually 
provided by remote platforms such as satellite and conventional aircrafts. 
Nowadays, the utilization of ultra-high resolution images captured by Unmanned 
Aerial Vehicles (UAV) has opened the door to the generation of weeds and 
treatment maps. This article describes the complete workflow developed to 
achieve the weed patch mapping in a wheat field, as paradigm of narrow row 
crops. An UAV flying at different altitudes and dates was used in order to 
determine the best spatial resolution and wheat-weeds growth stage to 
successfully reach our objective. Main steps of the workflow are as follows: 1) 
configuration of the UAV flights to acquire a set of overlapped imagery; 2) 
mosaicking of these images to create a georeferenced ortho-image of the whole 
crop field; 3) automatic object-based image analysis (OBIA) procedure 
developed for generating weed patch maps. The UAV was equipped with a 
commercial camera which provided images in the visible range of the spectra. 
The vehicle was programmed to overflow automatically a wheat field naturally 
infested by a grass weed, and to trigger the camera at the moment required to 
supply images with a previously fixed overlapping between them. Then, 
overlapped images were mosaicked to create an accurate georeferenced ortho-
image of the entire crop field. At last, the mosaicked image was analyzed using a 
robust and completely automatic OBIA procedure developed by our research 
group. The OBIA analysis algorithm combines object-based features such as 
spectral, position, orientation and hierarchical relationships, and consists of three 
consecutive phases: 1) discrimination of crop rows by application of a dynamic 
and auto-adaptive classification approach, 2) discrimination of weeds on the 
basis of their relative positions with reference to the crop rows, and 3) 
generation of a weed patch map in a grid structure for a further use in early site-
specific weed control. The effect of ortho-image spatial resolution (ranging from 
1 cm to 3.5 cm) and wheat-weeds growth stage on the workflow performance 
using OBIA was studied for the different flight altitudes and dates. 
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1 Introduction  

Obtaining weed patch maps for herbaceous crops in early season using remote sensing 
techniques has been a major challenge due to the spectral and appearance similarities 
between weeds and crop at their first development stages (López-Granados, 2011). To 
address these similarities is required to go beyond image analysis methods based only 
on pixel information. Object-based image analysis (OBIA) procedures can overcome 
limitations of pixel-based methods adding new information to the analysis routine. 
OBIA methodology creates “objects” by grouping adjacent pixels with homogenous 
spectral values, and then combines spectral, topological, and contextual information of 
these objects to drastically improve the image classification accuracy (Blaschke, 
2010). Position of the vegetation objects in the crop row structure has demonstrated to 
be the key feature in accurate weed detection for herbicide prescription maps in wide 
row crops such as maize (Peña et al., 2013), and OBIA algorithms developed for these 
crops can be adapted to their utilization in narrow row crops such as wheat.  
Other obstacles in early season weed mapping are the needing of ultra-high spatial 
resolution imagery, and the fact that weed discrimination has to be undertaken in a 
short time window for a timely post-emergence control. Nowadays, the spatial and 
temporal resolutions required for weed mapping in early season can be achieved using 
Unmanned Aerial Vehicles (UAVs) as remote image platforms. An UAV can fly at 
low altitudes, making possible to take ultra-high spatial resolution images (e.g., pixels 
of a few mm or cm) and to observe small individual plants and patches, which has not 
previously been possible (Xiang and Tian, 2011). Also, they allow a great flexibility 
in flight scheduling due to the reduced time needed for prepare, initiate and perform a 
flight.  
Once high spatial and temporal resolution images of the crop are available, and OBIA 
procedures can deal with difficult classification analysis, the complete workflow for 
weed patch mapping in early season wheat fields must be defined in detail. One of the 
most important aspects to be stated is the adequate flight altitude. For a specific 
sensor, flying at lower altitudes allows a better spatial resolution, but implies 
restrictions in overflown surface due to the limited UAV’s energy autonomy (Torres-
Sánchez et al., 2013). Other of the details that must be defined is the ideal wheat-
weeds growth stage. Vegetation fraction detection can be accurately achieved 
independently of the growth stage in wheat fields using images from UAV as 
previously stated by Torres-Sánchez et al. (2014). However, to perform the OBIA 
analysis for weed mapping it is mandatory to find the appropriate moment in which 
the row structure is more clearly defined. 
This article describes the complete workflow developed to achieve the weed patch 
mapping in a wheat field, as paradigm of narrow row crops. An UAV flying at 
different altitudes and dates was used in order to determine the best spatial resolution 
and wheat-weeds growth stage to successfully reach our objective. 

2 Materials & methods  

2.1 Study site 

The study was performed in a plot (40×25 m) situated in a wheat field with a surface 
about 0.5 ha, with an average slope <1% and situated at the public farm Alameda del 

270 RHEA-2014



Obispo (Córdoba, southern Spain, coordinates 37.856N, 4.806W, datum WGS84). 
The wheat crop was sown on November 22th 2012 at 6 kg ha-1 in rows 0.15 m apart, 
and emergence of the wheat plants started by 15 days after sowing (DAS). The wheat 
crop was naturally infested by a monocotyledonous weed, ryegrass (Lolium rigidum). 
This plant has an appearance very similar to wheat and an analogous phenological 
evolution, which complicates the weed-crop discrimination. Weed and crop plants 
were at the principal stage 1 (leaf development) from the BBCH extended scale 
(Meier, 2001) in the beginning of the experiment, whereas plants were at the principal 
stage 2 (tillering) in the last days of the study. 

2.2 UAV flights and remote images 

A multi-rotor platform with vertical take-off and landing (VTOL), model md4-1000 
(microdrones GmbH, Siegen, Germany), was used to collect a set of aerial images at 
two flight altitudes over the experimental crop-field. The vehicle is equipped with 
four brushless motors powered by a battery and can fly by remote control or 
autonomously with the aid of its Global Position System (GPS) receiver and its 
waypoint navigation system. The VTOL system makes the UAV independent of a 
runway, so it can be used in areas with rough terrain. A still point-and-shoot camera 
was mounted on the UAV to acquire the imagery, the sensor was a Olympus PEN E-
PM1 (Olympus Corporation, Tokyo, Japan). The camera acquires 12-megapixel 
images in true colour (Red, R; Green, G; and Blue, B, bands) with 8-bit radiometric 
resolution and is equipped with a 14-42 mm zoom lens. The images were acquired 
fixing the objective at 14 mm focal length. The camera’s sensor is 4,032 × 3,024 
pixels, and the images are stored in a secure digital SD-card. Image triggering is 
activated by the UAV according to the programmed flight route. At the moment of 
each shoot, the on-board computer system records a timestamp, the GPS location, the 
flight altitude, and vehicle principal axes (pitch, roll and heading). Detailed 
information about the configuration of the UAV flights and specifications of the 
vehicle and the camera used can be found in Torres-Sánchez et al. (2013). 
 

 
Fig. 2. UAV during the take-off over the wheat field. 
 
Aerial images were collected by first time at 35 DAS, and then sets were collected at 
7-10 days intervals; the last set was collected at 75 DAS. On every date, two flights 
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were performed at 30 m and 60 m. These flight altitudes resulted in spatial resolutions 
of 1.14 and 2.28 cm, respectively. The flight routes were programmed into the UAV 
software so that the vehicle stopped 5 s at every image acquisition point to ensure that 
the camera took a good light measurement. 

2.3 Image mosaicking 

A sequence of overlapped images was collected in each flight mission to cover the 
whole experimental crop-field. Prior to image analysis it is needed to create an ortho-
mosaic image by the combination of individual and overlapped images applying a 
process of mosaicking. The imagery had a 30% side-lap and a 60% forward-lap to 
allow correct image mosaicking in order to generate a complete crop map in the 
whole study area. Agisoft PhotoScan Professional Edition (Agisoft LLC, St. 
Petersburg, Russia) was employed in this task. The mosaicking process is composed 
by three different steps. The first one was the image alignment, in this process the 
software searches for common points in the images and matches them, as well as 
finding the position in which the camera took each image. The next step was to build 
the image geometry. Based on the estimated camera positions and images themselves 
a 3D polygon mesh, representing the overflown area, was built by PhotoScan using 
stereoscopic methods. Once the geometry was constructed, individual images were 
projected over it for orthophoto generation.  

2.4 OBIA algorithm analysis 

The OBIA algorithm designed for the weed mapping tasks was developed using the 
commercial software eCognition Developer 8.9 (Trimble GeoSpatial, Munich, 
Germany). It was preliminarily based on the algorithm for weed mapping in early-
season maize fields fully described in previous works of our research group (Peña et 
al., 2013; Peña-Barragán et al., 2012). This OBIA procedure was redefined to adapt it 
to the specific characteristics of narrow row crops such as wheat. The OBIA analysis 
algorithm combines object-based features such as spectral values, position, orientation 
and hierarchical relationships among analysis levels. It is mainly based on the idea 
that plants growing between crop rows are supposed to be weeds, therefore the 
algorithm is programmed to detect the crop rows by the application of a dynamic and 
auto-adaptive classification process, and then classify the vegetation objects outside 
the rows as weed plants. The image analysis workflow can be divided in the following 
steps: 
Field segmentation in plots: the ortho-mosaicked image is segmented in small plots 
(5×5 m). Every plot is analysed individually to deal with the crop spatial variability.  
Image segmentation: images corresponding to plots obtained in previous step are 
segmented using a multi-resolution algorithm to create homogeneous multi-pixel 
objects. Since these objects are the union of some pixels, they have now information 
(orientation, position, size, shape, spectral values ...) that can be used in the following 
steps. 
Vegetation discrimination: values of a spectral index were used to discriminate 
vegetation objects (wheat + weeds) from objects corresponding to bare soil. The 
selected index was Excess Green (ExG) (1), that has demonstrated its potential for 
vegetation discrimination in UAV images (Torres-Sánchez et al., 2014).  
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The determination of the optimum ExG value for vegetation discrimination was made 
by the adaptation of an iterative automatic thresholding method, the Otsu’s method 
(Otsu, 1979) to the eCognition software.  
Crop orientation: once the image objects are classified, the ones corresponding to 
vegetation are merged. Crop row orientation is determined by an iterative process in 
which the image is successively segmented in stripes with different angle; finally, the 
crop orientation is the one in which the stripes showed a higher percentage of 
vegetation objects. 
Crop row segmentation: after the vegetation discrimination and the determination of 
the crop orientation, a new segmentation level is created above the previous one. In 
this upper level, the image is segmented to create a network of lines with the same 
direction than the crop rows. 
Crop row classification: lines with the higher percentage of vegetation objects in the 
lower level are classified as crop rows. The crop row separation distance is included 
in the algorithm to avoid the classification as crop rows of areas with high weed 
infestation. When this step is finished the network of lines are classified as bare soil, 
crop rows and crop buffer (lines adjacent to the crop rows). These crop buffer lines 
are located in the inter-crop row and will be analyzed for weed discrimination. 
Weed-crop discrimination: once the crop row classification is done, the weed-crop 
discrimination is executed in the lower level. The vegetation objects located under the 
bare soil objects of the upper level are considered as weeds, the ones under the crop 
rows are classified as wheat, and the vegetation objects under the crop buffer area are 
classified as weed or wheat depending on the proximity of its ExG value to the ExG 
value of surrounding weed and wheat objects. In few words, the strategy for 
discrimination of weed patches is focused on their relative positions with respect to 
the crop rows, i.e., plants located between crop rows are considered weeds. 

2.5 Evaluation of algorithm performance 

For validation purposes, vegetation fraction (VF) was calculated for 24 square frames 
of three different areas (16, 4 and 1 m2) distributed regularly throughout the studied 
surface. The VF was determined as the percentage of pixels classified as vegetation 
per unit of ground surface. For reference measurement, a flight at 10 m altitude was 
planned to collect vertical pictures of the sampling frames. The UAV was 
programmed to fly continuously taking images every second to obtain several images 
for every frame, which allowed selecting that image with the better quality since the 
high proximity of these images to the frames let to visualise individual weed and 
wheat plants. Therefore, the best image of every frame was used to extract the 
observed VF data in every sampling point.  
The accuracy of the VF classifications was evaluated by comparing them with the 
observed VF values (OVF). The OVF data were determined by using the index and 
threshold that better detected individual plants according to a visual interpretation. 
The following expression was calculated to evaluate the performance of the different 
indices and thresholds: 
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Crop rows in every frame were counted for validation purposes. Difference between 
detected crop rows (DR) and observed crop rows (OR) was calculated for every 
validation frame for all dates and flight altitudes. The following formula was used to 
evaluate the accuracy of crop row detection: 
 

�1 − |�� !�|
�� " × 100   (3) 

 
JMP software (SAS, Cary, NC, USA) was employed to perform the data analysis. 

2.6 Prescription maps 

After the evaluation of the algorithm performance, one of the best dates for weed 
mapping was selected, and its infestation map was converted on a prescription map 
for spatially variable herbicide application machinery by running on it another 
automatic analysis algorithm designed with eCognition. This algorithm generated a 
grid of user-adjustable size and estimated the weed coverage on every square of the 
grid. Then, the decision of weed control was taken on the basis of a treatment 
threshold dependent on weed coverage. In this work the selected grid size was 
0.5×0.5 m, and the treatment threshold was 10%. 

3 Results and discussion 

3.1 Quantification of vegetation fraction 

Figure 2 shows the graphical comparison between OVF and VF at every date and 
flight altitude, and also includes the regression coefficients of detected VF vs OVF. 
The point clouds at 60 and 68 DAS were smaller due to problems with image 
acquisition in the validation flight performed at 10 m altitude. 
Automatic vegetation detection achieved the best results at 30 m flight altitude. At the 
lower altitude, R2 reached values of 0.72 and 0.63, while at 60 m flight altitude the 
best R2 were 0.40 and 0.38. The vegetation index automatic thresholding was better at 
30 m flight because the pixel size was smaller, and therefore the proportion of pixels 
representing bare soil and vegetation diminished. Consequently, the lack of spectral 
values mixture enhanced the results achieved with the Otsu’s thresholding in images 
taken at 30 m altitude. 
Flight date also influenced VF quantification. The most accurate results were 
achieved at 43 and 49 DAS for both flight altitudes. At these dates the highest R2 
values of VF on OVF were reached (0.72 and 0.63 at 30 m; and 0.4 at 60m), and the 
point clouds were closer to the 1:1 line drawn in Figure 2. At 43 and 49 DAS the 
proportion between pixels mixing bare soil and vegetation was optimum for the 
correct functioning of the automatic thresholding method. At later dates, the OVF was 
higher and the Otsu threshold led to an underestimation of vegetation. From an 
agronomic point of view, this result is positive because adequate post-emergence 
weed control must be carried out at early dates to guarantee its effectiveness.  
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Fig. 2. Graphics comparing the observed and detected VF for UAV flights at different dates 
(DAS: days after sowing) and 30 and 60 m flight altitudes. Regression coefficients of detected 
VF vs observed VF are also included.  

3.2 Quantification of crop rows 

Table 1 shows the accuracy in crop row detection for both flight altitudes. The best 
dates for crop row detection at 30 m altitude were 35, 43 and 49 DAS. At 60 m flight 
altitude, the most accurate results were achieved at 35, 49 and 75 DAS. Accuracy was 
below 80% only at 60 and 68 DAS for both flight altitudes. These results suggested 
that the algorithm performed successfully for crop row detection in a broad time 
window. This is relevant to extend the acquisition timing of the UAV imagery some 
days in case of problematic weather conditions occur, especially for wheat which is 
usually a winter crop and plenty of rainy and windy days can take place.  
 
Table 1. Accuracy in crop row detection and its standard error. Results are showed for the 
UAV flights at every date (DAS: days after sowing) and flight altitude. 

DAS 
Altitude 

(m) 
35 43 49 60 68 75 

30 83.72±1.48 83.80±1.73 85.01±1.33 76.84±4.52 74.14±4.21 80.18±1.84 

60 82.90±1.58 80.86±1.74 83.54±1.60 64.65±7.59 79.94±2.72 81.44±1.99 

  

3.3 Prescription map 

As it was explained in “Materials and methods” section, the weed mapping algorithm 
was based in two major steps: 1) vegetation detection, and 2) crop row recognition. 
After these steps have been performed, vegetation growing outside the row structure 
is classified as weed. Therefore, if VF quantification and crop row detection are 
accurately assessed by the classification procedure, it would indicate an adequate 
functioning of the algorithm.  
In the case study analyzed in this work, dates with best results in the two major steps 
of the weed mapping algorithm were 43 and 49 DAS. These results suggest that the 
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weed mapping could be obtained in a 10 day time window. This would allow the 
desirable flexibility that the flight scheduling can require in winter crops in order to fit 
the weed mapping tasks to the farmer needing.  

 

Fig. 3. Prescription map from UAV flights at 43 DAS (days after sowing) and 30 m altitude.  

Figure 3 shows the prescription map generated from the 30 m altitude flight at 43 
DAS, one of the days in which the most accurate VF quantification and row 
recognition were achieved. Analysis of the prescription map showed that 29% of the 
field did not need weed control treatment, i.e., the wheat presented an infestation level 
below the treatment threshold. The prescription map generated from the 30 m altitude 
flight at 49 DAS (not shown) was almost identical to the one showed in Figure 3, with 
28% of the field free of weed infestations.  

4 Conclusions  

An UAV equipped with a conventional RGB camera was used to collect a set of 
overlapped images of a naturally grass weed infested wheat field at early season at 
different dates and flight altitudes. A robust and automated OBIA algorithm was 
developed for the automatic discrimination of crop rows and weeds in georeferenced 
ortho-mosaics previously created. The similarities of weed and crop at early growth-
stage, and the narrow space between crop rows (15 cm apart) were a challenge to test 
the OBIA procedure developed by authors for other crops. The OBIA algorithm was 
refined and efficiently quantified vegetation and crop rows in a broad time window. 
Weed plants located in the inter-row area were then distinguished from crop plants on 
the basis of their relative positions with respect to the crop rows. Finally, prescription 
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maps were generated for those dates with best results in classification of weeds using 
a grid framework and a weed treatment threshold.  
The application of the described workflow allows the generation of herbicide 
prescription maps in wheat, which has not been possible previously with traditional 
airborne or satellite images. This technology can help in the implementation of the 
European legislation for the sustainable use of pesticides, which promotes reductions 
in herbicide applications. This objective can be achieved using site-specific herbicide 
control according to the weed maps.  
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