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Abstract—While texture classification has a long history in
image preprocessing tasks, its application in agriculture has only
recently gained attention in the context of digital farming. The
usage of camera drones allows the inspection of fields with
a view from above. This paper proposes a method for the
patch-based classification of different and basic ground regions
using texture regression with convolutional neural networks. Two
shallow multi-scale architectures are compared, which differ in
the re-use of feature maps. It can be shown that a light-weight
network is able to classify the textures with high accuracy.
The performance is checked using the standard data set KTH-
TIPS2b. The classification information can be effectively utilised
for semantic image segmentation.

Index Terms—texture classification, convolutional neural net-
work, multi-scale, aerial images, image segmentation

I. INTRODUCTION

With the availability of affordable drones equipped with

high quality cameras, the usage of aerial images has found

many applications. In the context of digital farming, these

images can be analysed with different aims as for example,

the discrimination between different crops [1] (combination of

raw data and colour histograms) or the weed-plant detection

in rice fields [2]. The optical information can be combined

with images recorded in the near-infrared (NIR) band [3] for

mound detection and counting. Also in [4] and [5], different

spectral bands are used either for the discrimination of maize

and soil for crop estimation or for the crop-type classification.

In conventional image processing, texture classification is

based on features that are a result of image analysis in

frequency bands (Gabor transform, Wavelet transform) and its

spatial domain counterparts (e.g. Law’s masks) or it utilises

statistical measures based on grey-level co-occurrence ma-

trices (GLCM) [2], [5]. Another famous approach is based

on local binary patterns, e.g. [3], and its derivatives as

shown in [6], to enumerate only the most prominent methods.

As these methods operate in the grey-level domain, special

preprocessing of colour images is needed. These feature-

generating methods are combined with classification methods

like support-vector machines (SVM) [4], random forest [5], or

nearest neighbours [7]. An excellent overview of methods in

texture analysis is given in [8].

Early attempts to exploit texture in agriculture relied on

synthetic aperture radar (SAR) as, for example, in [9]. Guijarro

et al reduced texture to colour information for segmenting

pictures from an optical camera into plant, soil, and sky

regions [10], while Campos et al aimed at the discrimination of

plants, soil, and disturbing objects based on a camera mounted

at a tractor. They used statistical feature including those

derived from GLCM and SVM classification [11]. GLCMs are

Fig. 1. Maize field textures at different scales and stages of maturity

also investigated by [12] and performed worse than histograms

of gradients (HoG).

In recent years, convolutional neural networks (CNNs) be-

came more popular for texture classification, not only because

they can combine feature extraction and classification in one

system. Andrearczyk et al, for example, enriched a standard

CNN with a special energy layer that collects activation output

while ignoring its locality [13]. The truncation of CNNs at

the level of convolutional layers (i.e. at least ignoring the

fully connected layers) is considered in [14]. The resulting

output serves as basis for conventional statistical features.

The combination of handcrafted features with a CNN-based

preprocessing step has also been investigated in [15]. En-

forcing special learning directions, [16] incorporated locality

and sparsity constraints into the CNN. The investigations also

showed that CNN-based classification methods perform better

than those purely based on handcrafted features do.

One of the major problems in the discrimination of texture

is its scale. At further reflection, the scale problem is twofold:

a) The characterisation of a textures typically requires at

least two scales, since different textures may look similar

to each other when analysed at only a single scale.

b) The observation of a texture can occur at different

distances between object and camera influencing the

textural appearance, Figure 1. Camera settings like zoom

and field of view have the same effect. As this scaling

influences the sampling frequency with respect to the real

world, the taken pictures contain different information

about the observed objects.

Extreme scale variations may even cross borders between

different descriptions, like ‘leaf’ → ‘tree’ → ‘forest’, which

needs special treatment [17].

This paper investigates shallow CNNs in application to the

discrimination of different textures (including colour) that can

be observed from the air in agricultural context, that is, we

concern textures that appear in the wild and clutter. In contrast

to [12] and [18], we stick with basic classes of ground objects

or regions and do not distinguish several growth stages of

different plants.

The decision in favour to CNN has several reasons. On

the one hand, the feature extraction based on convolutional

645978-9-0827-9705-3 EUSIPCO 2020



Fig. 2. Parallel multi-scale architecture of regression network

layers can automatically deal with colour information which

is significant in agricultural context; on the other hand, convo-

lutional neural networks have been proven to mostly adapt to

textures and not to shapes in the context of object detection and

classification [19]. Therefore, CNNs are ideal candidates when

looking for an approach to successful texture classification.

This paper concentrates on medium scale variations and

tackles the problem with multi-path CNN architectures that

operated on image patches of size 64 × 64. Patch-based

processing allows faster training of the CNN and requires

less image data since many patches can be extracted from

a single image. Additionally, it is suitable for arbitrary image

sizes; no scaling of the input images to the size of the input

layer is needed. The complexity of the proposed CNNs is kept

low supporting cheap hardware. The performance of the net

architectures has been tested using a thirteen-class data set

‘Agri-13’ and is validated using the KTH-TIPS2b data set [20].

One significant characteristic of the chosen CNN architec-

tures is the output regression layer. In contrast to classification

layers, it provides not the final class label but scores which

can be interpreted as reliability measure. By doing so, more

information of the texture analysis is kept and can supportively

be used in the post processing. As an example application, we

provide promising results for semantic image segmentation.

II. DESIGN OF CONVOLUTIONAL NETWORKS

A. Architecture

The first proposed multi-path architecture is depicted in

Figure 2. It consists of three paths with two convolutional

layers and a max-pooling layer in between. This ensures that

features on two scales of the input texture are analysed in each

path. The three paths process the input patch at three different

resolutions (provided by average-pooling layers). This tackles

the problem of varying scales at object observation, as de-

scribed in Section I.

TABLE I
NUMBER OF ADJUSTABLE PARAMETERS

layer number of weights

conv 16 × 16× 8 (3× 3× 3 + 1) × 8 224
conv 32 × 32× 8 (3× 3× 3 + 1) × 8 224
conv 64 × 64× 8 (3× 3× 3 + 1) × 8 224
conv 8× 8× 16 (3× 3× 8 + 1)× 16 1168

conv 16× 16 × 16 (3× 3× 8 + 1)× 16 1168
conv 32× 32 × 16 (3× 3× 8 + 1)× 16 1168

fully connected (8 × 8× 16 · 3 + 1)× 13 39949

total: 44125

Figure 2 shows all layers and the size (height× width ×

depth) of their output. All convolutional layers use receptive

fields of 3 × 3 × D, with D being the depth (number of

feature maps), which have been created by the previous layer.

The stride and padding settings are chosen such that output

feature maps have the same size as the input. A leaky ReLU

layer follows each the convolutional layers. The multiplier for

negative input values was chosen to be 0.01.

The pooling layers use a stride of [2, 2] and a pool size of

2× 2 for non-overlapping pooling. The only exception is the

last max-pooling layer in the path on the right. It must reduce

the size of feature maps from 32 × 32 down to 8 × 8. So, it

has a stride of [4, 4] and a pool size of 4× 4.

The results of all three paths are fully connected with

an output layer consisting of Nclasses = 13 neurons. This

corresponds to regression where the target vector consists of

Nclasses − 1 zero elements and a single ‘1’ at the position of

the correct class. Similar to the ‘soft decision’ procedure used

in forward-error control coding, this set-up keeps information

about the reliability of the class decision and allows a more

fine-granular interpretation of the result. The output of a

single label corresponds to ‘hard decision’ and causes loss

of valuable information.

Tab. I lists the number of adjustable parameters. The

notation for the convolution layers is (H ×W ×D+B)×F

with H . . . height, W . . .width, D . . . depth, B . . . bias, and

F . . . number of filters. The fully connected layer has 8 ×

8 × 16 · 3 = 3072 input nodes1 and thirteen output neurons.

With only six convolutional layers and mere 44125 adjustable

parameters, this architecture can be considered as light-weight.

It should be mentioned that the input layer normalises the

data to the range 0...1 by dividing all components of all pixels

by 255.

The parallel-paths architecture is compared to a more se-

quential design that is similar to standard CNNs like AlexNet

[21] with additional short-cuts, Figure 3. The most right path

is identical to the architecture in Figure 2. Each of the other

paths uses the result of processing steps of another path. As

the number of convolution layers and the numbers of their

filters are identical, the complexity of both networks also are

the same enabling a fair comparison.

III. INVESTIGATIONS

Data preparation, training and testing of the CNNs have

been carried out using MATLAB R© R2019.

1This number defines the complexity per class when the number of classes
goes to infinite.
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Fig. 3. Sequential re-use of layers making the multi-scale network deeper

Fig. 4. Considered classes and their relation

A. Data collection

Aerial pictures have been taken from spring to early winter

with two different drones: ‘DJI Mavic 2 Enterprise’ and ‘DJI

Mavic Pro’; the image resolution is 3840×2160 pixels. The

chosen camera orientation angle was about 90◦ for top-down

view introducing only slight perspective distortions. The flight

altitude varied between about 15 and 50 metres.

The taken pictures have been downscaled by factor 0.5

to reduce the influence of possible compression artefacts

before they have been segmented into patches of 64 × 64
pixels. Additionally, the patches have randomly been rotated

by multiples of 90◦ reducing the presence of dominating

orientations. Then, the patches have been sorted into thirteen

classes as shown in Figure 4. Patches with mixed content

were ignored. The patch size is a good compromise between

sufficient coverage and classification resolution.

The selection of classes reflect the most important and most

probable cases in the contemplated scenario. An extension

could include (partially more specific) classes like: water,

snow, hedge, animal, person, fence, tractor etc.

Typical appearances of each class have been selected, which

automatically led to categories with some visual overlap

like ‘road’ and ‘paved area’, ‘green field’ and ‘meadow’, or

fields that are blank or harvested. Class ‘branches’ could be

regarded as sub-class of ‘tree bush’, which itself contains two

different plants because trees and bushes look very similar

when observed from the top. Since we did not record depth

a) b) c) d)

Fig. 5. Examples for similar appearances of different classes: a) road, b)+c)
paved area, d) building

Fig. 6. Examples for different appearances within the same class ‘meadow’

information, the height of the plants remains unknown and the

discrimination between bushes and trees is almost impossible

on textural basis.

Gathering pictures for the class ‘technique’ was most diffi-

cult because tractors and other agricultural machinery can be

met only at certain times and often in only limited variety.

It was necessary to augment this class based on royalty-free

images from the internet. For each class, more than 3000

patches have been collected.

The data set does not only show high inter-class similarity,

Figure 5a)+b) and c)+d), but also a high intra-class diversity

as can be seen based on the example patches in Figure 5b)+c)

and Figure 6.

The two proposed CNN architectures have additionally been

tested with the KTH-TIPS2b data set from [20]. It comprises

eleven classes. The test images have been segmented into

64×64 patches in the same manner as the agricultural pictures.

As the typical image size is 200×200 in this data set, which is

not a multiple of 64, all images also have been rotated by 180◦

leading to new and shifted segments. The number of generated

patches per class varies from 5960 to 7776 depending of

the original image sizes. Note that the diversity of textures

has been increased by the random rotation of the patches.

The original data of KTH-TIPS2-b shows the same textural

orientation in some classes.

B. Hyperparameter

The data sets have been separated into training data (60%),

validation data (20%), and test data (20%). Along with the

default settings in Matlab, following hyperparameters have

been selected for the training procedure: stochastic-gradient-

descent optimizer with momentum (SGDM), a learning rate of

0.01, a mini-batch size of 128, and shuffling of the input data

at the beginning of the training. After multiples of 16 epochs,

the network is applied to the validation data set. The training

stops if the validation result does not improve after ten trials

(i.e. after 160 epochs).

Alternatively, the experiments have been carried out using

the Adam optimiser. However, the training-loss curve showed

spikes and the training got stuck in local minima. For this

reason, Adam optimizer is not considered in the results section.

IV. RESULTS

In total, six experiments have been carried out. The two

architectures have been investigated in combination with three
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TABLE II
ACCURACY FOR DIFFERENT TESTS AND HYPERPARAMETER

architecture\ data Agri-13 KTH-TIPS2b merged

parallel, sgdm 88.7% 98.4% 85.3%
sequential, sgdm 87.0% 97.6% 83.8%

different data sets: Agri-13, KTH-TIPS2b, and a merged data

set (Agri-13 + KTH-TIPS2b).

A. Training, validation

The networks have been trained from the scratch, provided

with a balanced number patches, and without further fine-

tuning. In general, the loss rapidly drops in the beginning of

the training and then converges to a minimum.

In order to check the capacity of the networks, we increased

the complexity of the classification task by merging the two

data sets to a single one comprising 24 classes.

The trainings have been performed on a single GPU and

last about one to two hours for the Agri-13 data set.

B. Testing

After training, the CNNs have been applied to the test-

set data. The best results of several trials of the different

experiments are listed in Table II. The accuracy is the number

of correct classified patches (after hard decision in favour of

the class with the highest regression score) divided by the

total number of analysed patches in percent. The values are

between 87% and 89% for the Agri-13 data set. This is a

good result if one bears in mind that different classes share

very similar patches. Most misclassifications occur between

‘harvested field’ vs ‘blank field’ and ’road’ vs ‘paved area’.

Also ‘technique’ and ‘building’ show some overlap.

The results for the KTH-TIPS2b data set are distinctly bet-

ter. This could be expected, because the intra-class similarity

is much higher and the inter-class overlap much lower.

Experiments with the merged data set reveal that the capac-

ity of such a simple multi-scale multi-path architecture is close

to its limits. The accuracy is dropped down to about 84%, also

caused by additional false classification between classes of the

two original data sets.

There seems to be no significant performance difference

between the two different architectures.

V. SEMANTIC IMAGE SEGMENTATION

Semantic image segmentation (see for example [22]) is one

possible application of patch-based texture classification. As

it is too costly to apply the network to patches at all possible

pixel positions, an effective method is required to merge

the classification results from neighbouring non-overlapping

patches. The scores of all classes are piece-wise linearly

averaged between the centres of neighbouring patches. This

supports classes with high scores and suppresses other classes.

The resolution and reliability is further enhanced by applying

the analysis to versions of the input image at two different

scales (factor 0.5). For each pixel, the maximum score of

both versions is used. This additionally increases the scale

variability of the system. Figure 7 shows the results for one

sample image. The applied assignment of colours and class

labels in Fig 7b) is depicted in Figure 8.

If the classification score is either to low (< 0.3) or the score

of the dominant class is not at least ten percent higher than the

second best, the pixel’s class is annotated as ‘unknown’. This

happens typically at region borders. A special effect concerns

the class ‘technique’. It contains many patches with strong

edges leading to the effect that regions with similar edges

also are classified as ’technique’, as can be seen in Fig, 7b)

for building boundaries or the person on the road. The paved

area between the two buildings is falsely identified as road

and some non-existing bushes are indicated.

VI. SUMMARY

The paper has shown that texture classification in the agri-

cultural context is possible based on light-weight convolutional

neural networks (CNN). The proposed architectures aim at

analysing the input image at different resolutions combating

the well-known scale problem in texture recognition.

The proposed CNNs operate on patch basis supporting the

processing of arbitrary image sizes without the need of re-

scaling. They can be trained from the scratch in moderate

time.

The performance of the two investigated architectures is

about the same. Albeit the more sequential CNN is deeper on

average, this advantage seems to be alleviated by the shared

convolutional layers. Probably, the robustness in the wild could

be enhanced by using colour balancing before presenting the

images to the CNN as proposed in [23].

The application of the proposed texture-classification

method to image segmentation using a voting scheme for

the most probable texture achieves already very good results.

However, semantic relations that are larger than the patches

cannot be incorporated, which leads to fuzzy region bound-

aries. The fusion with supplemental image analysis methods

would be reasonable for enhancing the segmentation results.

Supporting reproducible research, the software used for the

investigations can be downloaded from [24].
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B. Cannelle, A. Perez-Uribe, and S. Burgos, “Augmenting a convo-
lutional neural network with local histograms - a case study in crop
classification from high-resolution uav imagery,” in Proceedings of

ESANN 2016, Bruges, Belgium, April 2016.

[2] O. Barrero, D. Rojas, C. Gonzalez, and S. Perdomo, “Weed detection
in rice fields using aerial images and neural networks,” in Proceedings

of STSIVA 2016, Bucaramanga, Colombia, August 2016.
[3] W. Bouachir, K. E. Ihou, H.-E. Gueziri, N. Bouguila, and N. Belanger,

“Computer vision system for automatic counting of planting microsites
using UAV imagery,” IEEE Access, vol. 7, pp. 82 491 – 82 500, June
2019.

[4] O. Hall, S. Dahlin, H. Marstorp, M. F. A. Bustos, I. Öborn, and
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