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Abstract. This investigation quantified the efficacy of visible and color-infrared 
images for weed mapping in a maize field by using remote images captured with 
an unmanned aerial vehicle at several flight altitudes (from 40 to 100 m). Results 
on weed discrimination were significantly affected by type of image and by type 
of weed (broad-leaved or grass weeds). With independence on spatial resolution 
(i.e., flight altitude), weed coverage was underestimated in the visible images, 
mostly in the parts of the field infested with grass weeds. On the contrary, 
analysis done with the color-infrared images was highly precise in the images 
captured at 40-m flight altitude, although progressively overestimated weed 
coverage at higher altitude. 
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1 Introduction  
Maize is very sensitive to early season weed competition and uncontrolled weeds may 
provoke a strong reduction of crop production (Andújar et al 2013). Site-specific 
weed management techniques promote the application of herbicides (or other weed 
control operation) only to weed infested areas in the crop-field, which may allow a 
drastic cost reduction for farmers. To take advantage of these techniques, an accurate 
map of the weed distribution in the crop-field is required in order to be utilized by 
site-specific weed treatment machinery. The efficient generation of these maps has 
often relied on the use of remote sensing technology for collecting and processing 
spatial data of the crop-field (López-Granados et al 2011). Recent investigations have 
demonstrated the potential of unmanned aerial vehicles (UAV) to capture remote 
images at the very high spatial resolutions (a few cm) needed to detect weed seedlings 
in early-season crop stages (Torres-Sánchez et al 2013), which is the moment 
recommended in many crops for an optimal weeding treatment. Along with the small 
development of the plants, the difficulties for early-season weed mapping in remote 
images are also associated to the spectral similarity of weed and crop plants in that 
stage. To overcome these limitations, Peña et al (2013) developed a robust object-
based image analysis (OBIA) procedure for weed mapping in color-infrared remote 
images composed of two consecutive steps: 1) classification of the row structure 
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formed by the crop, and 2) discrimination of weeds and crop based on their relative 
position with respect to the crop-rows. The OBIA methodology creates spatially and 
spectrally homogenous units (objects) by applying a procedure known as 
segmentation and, next, it uses multiple features of localization, proximity and 
hierarchical relationships that drastically increase the success of image classification 
compared to pixel-based methods (Blaschke et al., 2014). A similar concept was also 
applied on visible images acquired from cameras installed onboard a mobile 
agricultural vehicle (Burgos-Artizzu et al 2011, Guerrero et al 2013).  
 
Either with remote images or with on-ground images, success on crop-weed 
discrimination depends on a correct selection of the sensor (color-infrared or visible 
cameras) and on two primary factors inherent to the images: 1) the vegetation index 
(VI) that enhances spectral differences among vegetative and non-vegetative classes, 
and 2) the threshold value that sets the breakpoint between both classes. Some 
investigations have demonstrated the potential of certain VIs (e.g., the Excess Green 
(ExG) index in conventional-color images or the Normalized Difference Vegetation 
Index (NDVI) in color-infrared images) and of the Otsu´s automatic thresholding 
method (Otsu 1979) for discriminating vegetative classes (Guijarro et al 2011, Torres-
Sánchez et al 2014), even in uncontrolled lighting conditions (Burgos-Artizzu et al 
2011). However, detailed investigations to the level of distinguishing among broad-
leaved and grass weeds are still lacking, despite its agronomic interest in order to 
apply a selective weeding treatment. In this context, UAV remote images from a 
conventional visible camera and a color-infrared camera captured at several flight 
altitudes over a maize field were analyzed and evaluated in order to determine their 
efficiency for discriminating broad-leaved and grass weed seedlings. Limitation of 
spatial resolution was also quantified and the results were discussed in order to 
optimize the UAV flight design as affected by the type of sensor and UAV battery 
capacity. 

2 Materials and Methods 

2.1 Equipment used for acquiring the remote images 

The remote images were acquired with two different sensors mounted separately in a 
quadrocopter UAV, model md4-1000 (microdrones GmbH, Siegen, Germany). This 
UAV has vertical take-off and landing capabilities and it can carry any sensor 
weighing less than 1.25 kg mounted under its belly. On the one hand, we used a 
conventional visible camera, model Olympus PEN E-PM1 (Olympus Corporation, 
Tokyo, Japan), which acquires 12-megapixel images in true Red-Green-Blue (RGB) 
colour with 8-bit radiometric resolution (Figure 1a). This camera is equipped with a 
14–42 mm zoom lens and a sensor of 4,032×3,024 pixels, and it stores the images in a 
secure digital SD-card. On the other hand, we used a multispectral camera, model 
Tetracam mini-MCA-6 (Tetracam Inc., Chatsworth, CA, USA), composed of six 
individual digital channels arranged in a 2×3 array that can acquire image either with 
8-bit or 10-bit radiometric resolution (Figure 1b). Each channel of this camera has a 
focal length of 9.6 mm and a 1.3 megapixel (1,280×1,024 pixels) CMOS sensor that 
stores the images on a compact flash CF-card. The camera has user configurable band 
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pass filters (Andover Corporation, Salem, NH, USA) of 10-nm full-width at half-
maximum and centre wavelengths at B (450 nm), G (530 nm), R (670 and 700 nm), R 
edge (740 nm) and near-infrared (NIR, 780 nm). The UAV and the image triggering 
work autonomously according to a flight route programmed by the user. 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), which 
are parameters needed for images management and mosaicking process. 
 

         

Fig. 1. Cameras used to take the remote images: a) Visible camera, model Olympus PEN E-
PM1; and b) multispectral camera, model Tetracam mini-MCA-6. 

2.2 Study site and UAV flights 

The UAV images were taken on May 29th 2013 over a maize field of 0.5 ha located at 
the experimental farm Alameda del Obispo (Córdoba, southern Spain, center 
coordinates 37.856N, 4.806W). The maize crop was sown on April 15th 2013 at 6 kg 
ha-1 in rows 0.70 m apart. During the experiments, the crop-field was naturally 
infested by three broad-leaved weeds, Chenopodium album, Cyperus rotundus and 
Convolvulus arvensis, and the grass weed Phalaris canariensis.  The weed and crop 
plants were in their early growth stages that corresponds to the principal stage 1 (leaf 
development) of the BBCH extended scale (Meier 2001) (Figure 2). 
 

              

Fig. 2. a) On-ground photograph of the maize crop-field during the UAV flight; b) Remote 
image of the crop-field taken by the visible camera at 40 m. flight altitude. 

The remote images were collected at four different flight altitudes: 40, 60, 80 and 100 
m. The flight routes were programmed to make the UAV to stop 5s at every image 
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acquisition point to ensure a good image quality and with a 30% side-lap and a 60% 
forward-lap overlapping. These flight altitudes and route configuration resulted to the 
spatial resolutions, number of images and flight length shown in Table 1. As a 
reference point and in order to calibrate the multispectral images, a barium sulphate 
standard Spectralon® panel (Labsphere Inc., North Sutton, NH, USA) of 0.4×0.4 m 
was also placed the field (Figure 2a). Multispectral bands were spectrally corrected by 
applying an empirical linear relationship, in which equation coefficients were derived 
by fitting digital numbers of the images located in the spectralon panel to the 
spectralon ground values. 
 
Table 1. Image spatial resolution, number of images and flight length as affected by the flight 
altitude and the route configuration. 
 

Sensor Flight Altitude 
(m) 

Spatial Resolution 
(cm/pixel) 

#Images/ha* Flight Length/ha* 
(min) 

Visible 40 1.5 32 9,0 
 60 2.3 10 5,5 
 80 3.0 9 5,0 
 100 3.8 6 4,5 

Color-infrared 40 2.2 90 22,0 
 60 3.2 38 12,0 
 80 4.3 25 9,0 
 100 5.4 17 6,5 

* With 30% side overlapping and 60% forward overlapping 
 

2.3 Image analysis: Crop-row classification and weed mapping 

The set of UAV images were classified by using an updated version of the OBIA 
procedure developed in Peña et al (2013). The version used in this investigation 
implements an auto-adaptative image analysis module based on apply local 
parameters (spectral information and crop-row orientation) to small field regions that 
significantly reduce errors derived from crop-field heterogeneity. The procedure 
mainly consists of the next consecutive phases: 1) segmentation of the image in 
homogeneous objects, 2) classification of vegetative and no-vegetative objects, 3) 
classification of crop-rows based on accumulation of vegetation objects following the 
estimated crop-row orientation, and 4) discrimination of weeds according to their 
relative position with respect to the crop rows.  
Accurate vegetation discrimination is a key step in weed mapping, which depends on 
the correct selection of the vegetation index and the threshold value. Many 
investigations concluded that the NDVI and ExG indices (eq. 1 and 2, respectively) 
accentuate the green vegetation in the UAV images (Peña et al 2013, Torres-Sánchez 
et al 2014). Therefore, we calculated these indices from the color-infrared and the 
visible images, respectively, and tested their capability for discrimination of broad-
leaved and grass weeds by applying the Otsu´s automatic thresholding method. 
   

 NDVI 	  (1) 
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 ExG = 2g-r-b, being  r ; g ; b     (2)

  
  

 

Fig. 3. Flowchart of the OBIA procedure for classification of crop, weeds and bare soil. 

2.4 Evaluation based on ground-truth data 

To evaluate the results on crop-weed discrimination, a systematic on-ground sampling 
procedure was conducted during the UAV flight. The sampling consisted of 27 frames 
of 1 m2 located throughout the studied maize field area. The distribution of the frames 
was representative of the distribution of weed coverage levels in the experimental 
field. From the total, 11 frames were only infested of grass weeds, 10 ones only of 
broad-leaved and 6 ones by both types of weeds. In order to record real weed and crop 
coverage, vertical photographs of the sampling frames were taken with an UAV flight 
at 10 m altitude. The images taken at this flight altitude allowed an easy extraction of 
the weed and crop areas in every frame by visual classification. 
The classification outputs at every flight altitude were evaluated by calculating the 
difference among percentage of UAV-estimated weeds and percentage of ground-
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truth weeds. Therefore, values lower to 0 indicated under-classification of weed 
coverage and values higher to 0 indicated over-classification of weed coverage.  

3 Results and Discussion 

3.1 Accuracy on classification of crop-rows 

The OBIA algorithm identified and counted the maize rows with 100% accuracy in all 
the images captured by both cameras at any flight altitude. The algorithm classified 
the crop-rows on the basis of accumulation of vegetation objects following the 
estimated crop-row orientation. Neither over-classification nor under-classification 
was observed in any case, which demonstrated the robustness of the method with 
independence on the results on vegetation discrimination. The accuracy in this step is 
crucial for the subsequent classification of vegetation as crop or weed plants, which is 
based on the relative position of the vegetative objects with respect to the crop rows. 

3.2 Weed discrimination as affected by sensor and flight altitude 

The difference between percentages of estimated and observed weed coverage 
derived from the classification of the images captured by each camera as affected by 
the flight altitude is shown in table 2. Classification based on the NDVI index derived 
from the color-infrared images at 40 m reported the best result, although no 
significant differences were obtained in comparison to 60 m altitude. At higher flight 
altitudes, errors in weed estimations with this sensor progressively increased, 
although no significant differences were observed for 60, 80 and 100 m altitude. On 
the other hand, weed discrimination based on the ExG index derived from the visible 
camera reported similar results with independence on the flight altitude, and similar to 
those ones obtained with the multispectral images at 60 m altitude.  
 
Table 2. Absolute difference among percentages of UAV-estimated and observed weed 
coverage as affected by type of sensor and flight altitude. 
 

Flight altitud (m)

Type of image 
Color-infrared 

(NDVI) 
Visible  
(ExG) 

 40 1.4%  a 2.9%  a 
 60 3.2%  ab 3.0%  a 
 80 5.2%  b 2.7%  a 
 100 4.9%  b 2.8%  a 

Within a column, mean values followed by the same letter do 
not differ significantly according to LSD test at P ≤ 0.05 

 

A view on the spatial resolution of each sensor (Table 1) shows that resolution of 
color-infrared images at 60 m is twice than resolution of visible images at 40 m, 
which demonstrated that the color-infrared images are recommended at low flight 
altitudes, even having a worst spatial resolution. However, the visible images worked 
better in altitudes higher than 60 m, which is an important advantage in terms of 
decreasing flight duration and increasing the area covered by each flight.  
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From an agronomic point of view, an important objective in weed discrimination is 
avoiding the errors due to under-estimations of weeds, because the farmers would 
choose to treat weed-free areas rather than assume the risk of allowing weeds to go 
untreated. In this sense, the table 3 shows the nature of misclassification, in which the 
sampling frames were considered as correctly classified if the difference between 
estimated and observed percentage of weeds is minor than 5%. This percentage of 
misclassification was established according to the economic threshold for weed 
control in maize. The differences between both types of cameras was accentuated 
when this criteria was considered. For any flight altitude, the color-infrared images 
did no under-estimate any sampling frame, whereas the visible image under-estimated 
around 25% of the frames. Misclassification of color-infrared images was 
progressively increasing due to an over-estimation of weed coverage, which could be 
considered a minor problem according to the agronomic criteria previously described.  

Table 3. Number of correctly classified and misclassified sampling frames as affected by type 
of sensor and flight altitude. 

 Type of image  

 Color-infrared (NDVI)   Visible (ExG)  

Flight   Over- Under-   Over- Under 

altitud (m)  Correct  estimated  estimated  Correct  estimated  estimated  

40  26  1  0   20  0  7  

60  21  6  0   20  0  7  

80  17  10  0   20  0  7  

100  17  10  0   20  0  7  

 

3.3  Weed discrimination as affected by the type of weed (broad-leaved and 
grass weeds)  

A detailed analysis of the classification results according to the types of weed shown 
that discrimination of grass weeds was more problematic than of broad-leaved weeds 
(Figure 4). Classification with the visible image significantly under-estimated the 
grass weed infestation, but not the broad-leaved weeds, which can explain the results 
presented in the table 3. On the other hand, the color-infrared images successfully 
classified all the type of weeds at 40 m altitudes, although significantly over-
estimated weed infestations at altitudes higher than 60 m, mainly in the case of grass 
weeds. The reason behind these results could be initially attributed to the smaller size 
of the grass weeds, which made difficult the detection of these weeds. However, the 
spectral component was also important as observed from the good discrimination 
obtained by the color-infrared images at the lowest flight altitudes. At 40 and 60 m 
altitudes, grass weeds were worst discriminated by the visible images than by the 
color-infrared images, although spatial resolution of the former ones is higher than the 
latter ones.  
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Fig. 4. Difference in percentage between UAV-estimated and observed weed coverage as 
affected by types of weed, sensor and flight altitude. 

3.4 Conclusions 

Visible and color-infrared remote images captured with an unmanned aerial vehicle at 
several flight altitudes were compared in order to quantify its efficiency for early-
season weed discrimination in maize. The OBIA algorithm used for weed mapping 
classified the crop-rows with 100% accuracy in all the cases, which demonstrates its 
robustness for crop-row detection. Regarding weed discrimination, the color-infrared 
images at 40 m altitude reported the best results both for broad-leaved and grass 
weeds, although progressively overestimated weed coverage at higher altitude. With 
independence on spatial resolution, weed coverage was underestimated in the visible 
images, mostly in the parts of the field infested with grass weeds. From flight 
altitudes higher than 80 m, percentage of misclassification from the visible images 
was lower than from the color-infrared images, which is an important advantage in 
terms of decreasing flight duration and increasing the area covered by each flight. 
Therefore, an agreement between classification quality and flight requirements (area 
covered, battery duration) is needed for selecting the correct sensor prior to capturing 
the UAV remote images. 
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