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CNN has many types of layers. The first layer is the input layer, which is initial-

ized with the image pixel data. The first hidden layer in the CNN models is the convolu-

tional layer that creates set of activation maps for the filters applied on the image. Each 

filter is a set of neurons that search for patterns in the image through the convolution. A 

single neuron of the convolutional layer performs the operation of filtering a small 

square of the image underlying it with a filter with the mask of the same size as the 

square of the image (eg 3x3 pixels). Filter masks, or convolutional layer weights, are ini-

tiated with random values, and during network training, they are modified so that the 

network recognizes objects with the best possible quality. The entire set of neurons 

gives location data of the given pattern in the image. CNNs typically uses multiple fil-

ters in parallel, each scanning for a different pattern. Neurons from different filters 

have different weights and search for different patterns. The neurons in the given filter 

have the same weights and bias to allow the filter to look for the same pattern in differ-

ent sections of the image. The convoluted input is then send to the next layers.  
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Objectives 

Methods 

The results show that the deep learning method has achieved 80% of accuracy in the classification of taxa, 

which is a fairly good result in the difficult task of classifying objects directly from the images. The pollen grains 

analyzed in this study differ from each other primarily in their shape and number of pores; the alder pollen grain 

has 5 pores, sometimes 4 or 6, whereas the birch and hazel pollen grains – 3 (only 2 are sometimes visible, de-

pending on the position). Unlike the birch pollen grain, the hazel pollen grain is more triangular in polar view 

and has less protruding pores. The studied pollen grains also differ in oncus size. Microscopic visibility of pores 

and onci greatly depends on the position of the grain on the tape. While manual observation the researcher can 

control the focus setting of the microscope in order to observe the grain at different depths and thus better per-

ceive the characteristic structural elements. When analyzing a single microscope image, it is much more difficult 

to correctly describe these characteristics. Future works on the procedure of the automated identification of pol-

len taxa should also include automated microscope control and focus adjustment to particular grains.  
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A pilot study on pollen recognition of the same three taxa was conducted on the basis of morphological 

features measured manually (Kubik-Komar et al., 2018). The values of these features were read under the mi-

croscope for 225 pollen grains (75 grains for each of the analyzed taxa). The decision tree was used as a classi-

fier, and 94% accuracy was achieved using the best subset of features. The actually presented research consist in 

recognition pollen taxa by means of deep neural networks, directly from microscopic images of pollen grains, 

without the necessity of earlier feature extraction,  and an accuracy of 80% on the test set has been achieved. 

Many of previous works on taxa discrimination were carried out as the image-based classification using 

neural networks. Li et al. (1999) took into consideration pollen grains of 4 plant types typical of New Zealand. 

The authors themselves admit that these grains can be easily discriminated due to their shape, but in the article 

they differentiated them only by the texture features, obtaining 100% of correctly classified instances. France et 

al. (2000) were the first to create an automated system for detection and classification of pollen grains of Pole-

monium caeruleum, Nymphaea alba, and Crataegus monogyna, obtaining the average classification success rate 

at a level of 83%. The three above-mentioned species produce pollen grains that clearly differ from one another, 

in particular in terms of their exine and aperture structure. Tello-Mijares et al. (2016) addressed the problem of 

automated analysis of pollen material collected in Mexico (12 plant taxa typical for this area), obtaining a high 

pollen recognition rate, as much as 96%. Most of the investigated pollen grains strongly differ both in shape and 

in size, but among them there are also grains that are similar to one another in terms of their structure. A direct 

comparison of the percentage values is unreliable, due to the different levels of similarity between the taxa inve-

stigated in these studies as well as different classifiers or feature vectors. 

Future work will include the further development of the network architecture,  and image database of 

pollen grains , which can probably increase accuracy of the classification. 

Figure 5 Abstraction levels in facial recognition. (Andrew 
Ng : http://www.nature.com/news/computer-science-the-
learning-machines-1.14481) 

Figure 1 ImageNet Results Timeline (von Zitzewitz, 2017). After 2012  every single winner have used a Convolutional 
Neural Network as a model. 

Figure 6. Architecture of Convolutional Neural Network biult in this study. 

Image recognition aims at automatization of tasks performed by human 

visual system. Every year, the ImageNet challenge shows the current state of 

knowledge in the field of image recognition, and the winners of the competition 

have been deep learning models (DL) over the past few years.  

In the case of Poland, in spring it is birch pollen (Betula) that shows the strongest allergenic properties 

(Rapiejko, 2008; Piotrowska and Kubik-Komar, 2012). Hazel (Corylus) and alder (Alnus) belong to the same family 

(Betulaceae) and cause allergic cross reactions (Valenta et al. 1991, Rapiejko, 2008). Pollen seasons of these plants 

partially overlap and thus their pollen grains may be recorded during the same time. The aim of this work was to dis-

criminate between the three investigated types of pollen (birch, alder and hazel) based on their microscope images.  

In this work, deep learning (which is also called deep neural networks) is used with biometrical data to recognize pollen taxa based on microscopic images. The deep lear-

ning methods are able to classify objects  directly from the images, so no feature extraction or additional annotation is needed before model building. In this case, the pollen ex-

pert's work during data preparation can be minimized. 

 

  

Alnus Betula Corylus 

Figure 2. Examples of microscope images of pollen grains of the studied taxa.  

The deep learning model is a kind of artificial neural network — it consists of layers of 

neurons. In a traditional – shallow neural network there are usually only three cascaded 

fully connected layers – one input, one output and one hidden layer of neurons, while deep 

networks are built of many layers of different types. The set and order of layers is called the 

network model, and is closely related to the specific purpose of the network.  Convolutional 

Neural Network (CNN) (LeCun et al, 2015) is a widely used architecture of a deep neural net-

work  in multi-object recognition from images. This network is capable to perform classifica-

tion directly from the image, so no feature extraction is needed before building the model. 

The weights of CNN are treated as features of the objects, and they are extracted across the 

whole image. This is why the objects in images can be shifted in the scene and still detectable 

by the network, making this type of network useful for object recognition in photographs.  

Network training involves calculating the 

cost value from the training data, which is usu-

ally the difference between the predicted and 

the actual output. The rate at which cost 

changes with respect to weight or bias is called 

gradient. The layer gradient is a product of gra-

dients from later layers. When the gradient is 

small, the network will train slowly. Gradients 

are much smaller in earlier layers, so deep 

learning requires very long training, and accu-

racy is often very low. This training problem is 

called vanishing gradient. To prevent this, the 

next layer after the convolutional layer is a com-

mon fully connected layer with Rectified Linear 

Unit (ReLU) function used as activation. After 

ReLU the activations are typically pooled in an 

adjacent layer to reduce the dimensionality of 

weights and biases, and get only promising pat-

terns.  

CNNs that are in use usually have an architecture with repeated sets of layers. Set1 is a convolutional layer followed 

by ReLU. This set can be repeated several times, and the repeated structure is followed by a pooling layer. This resulting 

combination forms Set2, which is repeated a few more times. Then there is a fully connected (FC) layer that acts as classi-

fier. The last layer is output layer with the number of neurons equal to the number of classes, and the output values in 

these neurons show the probabilities that the object belongs to the class. Such architecture allows network to continuously 

build a complex pattern from simple ones, while reducing computational costs with dimensionality reduction.  CNNs use 

the backpropagation method  for the network training. 

CNNs are a powerful tool, but they re-

quire millions of labeled data points for train-

ing. In convolutional networks early layers de-

tect simple patterns and later layers recombine 

them, just as in the facial recognition example: 

early layers detect the edges in the image and 

later layers use these results to form facial fea-

tures.  Figure 3 Typical-looking filters for color images on the first convolutional 

layer . Source: http://cs231n.github.io/understanding-cnn/ 

The training process was 

performed using 1224 

randomly chosen images 

and test set contained the 

remaining 50 samples. 

Adam optimizer was used 

to train network. The 100 

epochs of training took 3 hours and 18 min-

utes on the mobile workstation equipped 

with 32 GB of memory and Intel® Core™ i7 

processor with 4 cores, 8 threads and a 

2.4GHz clock. The training history is pre-

sented in Figure 8. Additionally two analogi-

cal models were built, with filter sizes 3x3 

and 5x5, and the results are compared in the 

table below. 
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Figure 8. Training history 

Figure 7. Three sets of  convolutional filters of size 4x4, for 

first,  and third  layer, after 100 epochs of training the 

CNN. 

 Filter size 3x3 Filter size 4x4 Filter size 5x5 

Final accuracy on test set  

(after 100 epochs) 

68% 80% 72% 

The best accuracy on test set 76% 80% 78% 

Figure 9. The comparison of CNN accuracies  

with  respect to the filter size 

This study was conducted based on reference slides of pollen grains of the Alnus, Betula and 

Corylus taxa. The expert was asked to record microscopic images of pollen grains of selected pollen 

taxa from reference slides. The 441 microscopic images of size 1024 x 786 px were captured using a 

Nikon Eclipse E400 biological microscope at a magnification of 600x. The collection of 1274 images 

cropped manually to the size of 200 x 200 px was obtained from this data, each image representing 

one pollen grain in the center of the image, which may partially overlap with other grains of the 

same taxon. There were 406 images of Alnus grains, 435 images of Betula grains, and 433 images of 

Corylus grains. Some of the pictures were out of focus and some ot them contained overlapping 

grains. Each picture was labeled by the taxon name, and there was no multi-label objects in collec-

tion. The set of pictures was fed into the convolutional neural network (CNN) consisting of three 

convolutional layers, each with 4x4 filters. Figure 6 shows the structure of the network. The final 

masks of convolutional filters in each layer are shown in Figure 7. 

Results Conclusions 

Discussion 

The main sources of allergens include pollen grains (Holgate et al. 2001). 

Information on the amount of these allergens in the air comes from pollen 

monitoring, where Hirst-type samplers actively suck in pollen grains from the 

air (Hirst, 1952), and traps them on a sticky tape. Each tape must be analyzed 

by appropriately trained staff — pollen grains are identified and counted under 

microscope. It is  difficult and time consuming task, because the differences in 

the morphological structure of pollen grains of some taxa are very small and 

finding them largely depends on the position of the grain on the tape. There-

fore, there is a need to automate or facilitate this process.  
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