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Abstract. The feature engineering approach determines features using expert knowl-
edge about the data input and feature extraction method. Therefore, this approach obtains
features that are representing the input for the classification problem. The feature learn-
ing approach relies on the learning process that maps the raw data input and its target.
The obtained features are the representation of data input based on its target. This pa-
per presents feature engineering and feature learning for image classification based on its
image complexity. Structure, noise, diversity, and number of grouped regions result from
feature engineering of an image. The convolution process between input images and the
Laplacian filter obtained structure and noise features. Diversity is the number of detect-
ed corner pixels, and the connected component labeling algorithm extracts the number of
grouped regions. Meanwhile, the feature learning results from the convolutional layers of
the convolutional neural networks architecture. The classification layers of the proposed
convolutional neural networks architecture used the combination of these features. For
the experiments, we built and trained three proposed models based on the input features.
First, we used the feature engineering approach. Second, the feature learning approach
and the third model used the combination of feature engineering and feature learning.
The experiments were conducted on thousands of collected images. The results show that
the combination features achieved the highest average accuracy, up to 75.15%, since fea-
ture engineering emphasizes feature learning for the classification.
Keywords: Feature engineering, Feature learning, Convolutional neural networks, Im-
age complexity

1. Introduction. Digital images are classified into several classes based on their visual
level of complexity. There are various definitions of image complexity. Generally, the
detailed composition lies in the image that determines the measurement of complexity.

Different usage of image complexity classification is based on the research objective.
In [1], the information of complexity is used to embed the watermark in a specific part
of the image according to the complexity level. This will secure the watermarked image
from the usual attacks and maintain the similarity between the watermarked and original
image. In the steganography research [2], the detection performance depends not only
on the information hiding ratio but also on the complexity image level. The higher level
of image complexity then the detection performance is decreasing. Meanwhile, in [3],
image complexity information is used for the classification problem. In this research,
image classification on aesthetic criteria is proposed based on image complexity. The
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aesthetic image classification is used as a recommender in online search based on the
user’s preference.
This paper used the image complexity (image from social media with specific content

about garbage, clean environment) and geographic information, such as the number of
population, area, and distance to the city center, to map the region based on the cleanness
level [4]. As in our knowledge, that more garbage items are found in the image increases
the complexity level. On the contrary, an image with a clean environment content has
a low complexity level, as seen in Figure 1. Therefore, the image complexity in [4] is
used as one of the criteria to rank and map the regions based on the cleanness level.
This mapping is valuable information for the government to prioritize regions with low
cleanness environment levels.

Figure 1. Image complexity level for the image with environment content

The remaining sections of this paper are organized as follows. Section 2 presents related
works. Section 3 presents framework of the proposed model. Section 4 and Section 5
describe feature engineering and feature learning, respectively. Section 6 presents the
result and discussion, and the final section is the conclusion.

2. Related Works. As in the pattern recognition problem, an image classification on
visual level of complexity consists of two main stages: first, feature extraction, and second,
the classification itself. The objective of feature extraction is to obtain features that
represent the input of the classification. The features (handmade features) and feature
extraction methods are determined based on the domain knowledge about the research
problem in feature engineering.
Many algorithms are proposed to extract feaures to measure the complexity of images.

For instance, edges indicate the complexity of images [5], the difference of maximum and
minimum pixel value in each block of images, and use the quadtree structure for the com-
plexity representation [1]. A 3D feature space, structure, noise, and diversity are proposed
to classify the visual level of complexity [6]. These features are obtained based on edges,
noises, and the number of the detected corners in the image. As in the previous research,
[7] also assumed that edge pixels are an important representation of image complexity.
However, in this research, spatial information is used since it indicates the image’s edge
energy. The frequency-domain of an image is also used to represent the images’ complexity
as research in [2]. This research calculates the Generalized Gaussian Distribution (GGD)
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in the wavelet domain, and the high shape parameter of GGD indicates images with high
complexity.

The classifier classified the image complexity using the extracted features from the
previous stage. A fuzzy approach is used to classify images [5, 6, 8]. In this approach,
training data are not required; however, the classification rules are created based on the
experts knowledge about the image complexity classification. In another research, Support
Vector Machine (SVM) and Artificial Neural Networks (ANNs) from machine learning
approaches are used as a classifier [3] to classify aesthetic (complexity) images from edge
pixels feature. As in the feature extraction stage, the classification stage also plays an
important role in the classification problem. In [9], learning algorithms, i.e., ANNs, Naive
Bayes Classifiers (NCB), decision trees, logistic regression, and rule induction, are selected
using data envelopment analysis.

Convolutional Neural Network (CNN), one of deep learning architectures, is attracted to
research because of its advantages. For instance, it has the feature learning layers besides
the classification layers [10, 11]. These layers allowed the architecture to learn features
from the raw dataset, for example, images. Hence, domain knowledge about important
features and feature extraction methods or feature engineering is not necessarily required
for this architecture.

Therefore, in this research, we use these advantages of CNN, i.e., to learn important
features and classify the images, for classification of visual complexity, in one architecture.
However, we also present a combination of feature engineering and feature learning to
improve performance accuracy. We classify images with environmental content into four
classes. They are very dirty, dirty, slightly clean, and clean images. This classification of
images with environmental content can help the government determine the regions that
require certain handling of the environment.

3. Feature Engineering and Feature Learning for Image Complexity Classifi-
cation. We proposed a model to classify images based on its complexity by combining
features from feature engineering and feature learning, as seen in Figure 2, which consist
of three main parts, including 1) feature engineering, which extracts features for visual
complexity image representation, 2) feature learning with feature learning layers of con-
volutional neural networks architecture, and 3) the classification with classification layers
of convolutional neural networks architecture.

Feature Engineering in the proposed model is a process to obtain features from
images. These features are also known as handmade features. Feature engineering pro-
cess involves feature extraction methods that are determined based on the classification
problem. Since we classify visual complexity images, four features are considered as the
representation of the images.

Feature Learning uses the advantage of Convolutional Neural Network (CNN) archi-
tecture to learn features from the data. CNN learns features from feature learning layers
that consist of convolutional and pooling layers. In the convolutional layers, initially, ker-
nels are generated and are used for the convolution process. The convolution between the
kernels and image is the learned features or known as the feature maps. In the pooling
layers, feature maps are divided into several blocks, and each block will be represented
with a value, using the average or maximum value in each block. Therefore, the size of
feature maps is reduced.

Classification, in the CNN architecture, the last layers are fully connected layers
that play as the classification. Feature inputs of this layer are the combination of feature
engineering and feature learning. Details of the three parts are described in the following
sections.
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Figure 2. Proposed architecture: Combination of feature learning and
feature engineering for classification

4. Feature Engineering. For feature engineering, intuitively, based on human judg-
ment, many objects or items increase the image’s visual complexity. Therefore, we pro-
posed four features to classify the complexity. They are the structure, noise, diversity
[6], and a number of grouped regions within an image. These features characterize the
existence of found objects or items within images.

4.1. Structure. Structure feature is the number of detected edge pixels in an image,
see Equation (1). If the image is a simple image, then fewer edge pixels are found in
the image. Meanwhile, if the image has complex visualization, there will be many edge
pixels found in the image. Edge pixels are obtained by operating the convolution between
the images and the filter matrix. In this research, the Laplacian filter is used for edge
detection since edge images with low noises are gained using this filter, compared to edge
detection using another filter matrix [6]. The images are convolved using the Laplacian
filter, and edge images are obtained by threshold the image using a certain value. An
example of edge detection using the Laplacian can be seen in Figure 3.

structure =

∑
x,y [I(x, y) = 1]

width× height
, (1)

where I(x, y) is a pixel of an edge image I at position (x, y); x = [1, . . . , width], y =
[1, . . . , height].

4.2. Noise. The second feature from the feature engineering process is a noise feature.
This feature measures an image’s noise level based on a noisy image’s standard deviation
value [6]. The higher of standard deviation value, the higher a noise level of an image.
Standard deviation is calculated by convolving the noisy image using the Laplacian filter
and averaging the value, as seen in Equation (2).

σ =

√
π

2

1

6(H − 2)(W − 2)

∑
∀(x,y)

[I(x, y) ∗ L], (2)
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where σ is a standard deviation, I(x, y) is a noisy image, L is the Laplacian filter, W
and H are width and height of a noisy image, respectively. A noisy image, I(x, y), is
assumed as an original image, I0(x, y), that is corrupted with zero-mean white Gaussian
noise, ε(x, y), as seen in Equation (3).

I(x, y) = I0(x, y) + ε(x, y). (3)

Figure 3. Edge detection using Laplacian, (left) original image, (middle)
convolved image using Laplacian filter, and (right) edge image

4.3. Diversity. Diversity is the number of corner pixels normalized with all pixels in an
image. The higher value of the diversity feature means the visual complexity of an image is
high; on the contrary, the lower value of the diversity means the level of visual complexity
of an image is low. The corner pixels are detected by checking the 16-neighborhood of
pixels. If there exist more than 12 pixels within the neighborhood of pixel c, which has
a lower intensity value than a pixel c, then this pixel is considered as a corner pixel, as
seen in Figure 4.

Figure 4. Corner detection: (left) pixel c is not a corner pixel, (right)
pixel c is a corner pixel.

4.4. Segmented region. The last important feature is the number of regions within an
image. These regions are obtained by grouping the foreground pixels (of a binary image)
based on its connectivity, as in the Connected Component Labelling algorithm (CCL)
[12] as written in Algorithm 1. If many regions are segmented or grouped from the image,
then it is an image that has a higher level of visual complexity. If pixels are adjacent
to other pixels in the 4-connectivity or 8-connectivity (see Figure 5), they are considered
the same group, label, or region. Two-pass of connected component labelling algorithm
is used in this research to obtain the number of segmented regions.

Handmade features from feature engineering for classification of visual complexity, i.e.,
structure, diversity, segmented (grouped) regions, and noise of images, are visualized in
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Algorithm 1 Connected Component Labelling – Two Pass Algorithm

INPUT: Binary Image I
OUTPUT: Number of Segmented Regions R
Set the connectivity C = 4 or C = 8
Cp is connectivity of I(x, y), see Figure 5

1: procedure CCL(I, C)
2: if C = 4 then
3: Cp← [n,w] of I(x, y)
4: else
5: Cp← [nw, n, ne, w] of I(x, y)

6: for each pixel in I do ◃ First Pass
7: if I(x, y) = 1 then
8: if ∀label in label[Cp] = None then
9: label[x, y]← newLabel
10: else
11: if ∀label in label[Cp] has the same label value then
12: label[x, y]← label[Cp]
13: else
14: label[x, y]← min(∀label in label[Cp])
15: equivalanceLabel[x, y]← ∀label in label[Cp]

16: for each pixel in I do ◃ Second Pass
17: if I(x, y) = 1 and label[x, y] in equivalanceLabel then
18: label[x, y]← min(equivalanceLabel[x, y])

19: return max∀x,y(label) ◃ number of labels

Figure 5. Connectivity of a pixel I(x, y), north west – nw, north – n,
north east – ne, west – w: (left) 4-connectivity; (right) 8-connectivity

Figure 6. The leftmost images (the first column) are the original images, where the first
row is an image from class-1 (a very dirty image), and the second row is an image from
class-4 (a clean image). The second column is the edge detection images; the number
under the images is the structure value as seen in Equation (1). As seen in the value, the
clean image has a lower structure value than the very dirty image.
Standard deviation from Equation (2) is used as the noise feature of an image. The

third column of images in Figure 6 shows the noisy images. The image’s noise value in
the first row is 34.21, and the second row is 19.15. This value indicates that the first row’s
original image has a higher level of noise than the second row. Therefore, an image in the
first row is more complex than the image in the second row.
The images in the fourth column result from the detected corners of the original images;

the corner pixels are visualized as white pixels in the image. More complex visualization
of an image, then more corner pixels are found in the image. Therefore, image from class
very dirty (the first row) has a higher diversity value than class clean images (the second
row). The last column is the result of the grouped or segmented regions in the images.
Since fewer segmented regions of an image from class clean (second row), it has a lower
region value than the image from class very dirty (first row).
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Figure 6. Handmade features from feature engineering, structure, noise,
diversity, and grouped regions

5. Feature Learning and Classification. Convolutional Neural Network (CNN) is
known as the classification architecture with the ability to feature learning [10, 11, 13].
Therefore, besides the classification layers, there are feature learning layers that consist of
convolution and pooling layers. This feature learning layers learn the important features
representing the raw input (for instance, an image), based on its target, using the convo-
lution and pooling process. Furthermore, several researchers used these feature learning
layers for the feature extraction and dimensionality reduction method [14, 15, 16].

The architecture of CNN can be seen in Figure 2 at the top. As seen in the figure, it
consists of two main layers, and they are learning layers (convolution and pooling) and
classification layers (fully connected layers). In the convolution layers, a feature map of
the current layer, fl, is obtained from the convolution between a feature map from the
previous layer, fl−1, and the kernel matrix, k, as seen in Equation (4). If the convolution
layer is in the first layer of CNN, then a feature map results from the convolution between
the kernel matrix and an input image.

fl(x, y) = k ∗ fl−1(x, y) =
m∑

dx=−m

m∑
dy=−m

k(dx, dy)fl−1(x+ dx, y + dy), (4)

where m is the size of the kernel matrix divided by two, such that, index of the middle
position of a kernel matrix is zero. The size of feature maps in the current layer depends
on the size of a feature map from the previous layer, hyperparameters of convolution
layers, i.e., the number of kernel matrices, padding, and stride.

In the pooling layers, a downsampling operation is conducted to reduce the feature
maps’ size. The most common operation is maximum and average pooling. In practice,
to reduce the feature maps’ size, the usual kernel size is 2 × 2 with a stride of 2, and a
value (maximum or average) within the kernel is extracted to obtain a reduced feature
map size. Feature maps from the convolution and pooling layers are shown in Figure 7.

Initially, values in the kernel matrices of convolution layers in feature learning layers and
the weight values of fully connected layers in classification layers are generated randomly.
The training stage in CNN updates these values based on the given input image and its
target. The example of kernel matrices of convolutional layers and its feature maps after
the training process can be seen in Figure 8. The figure shows the extracted level features
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Figure 7. Convolution and pooling: (a) input image; (b) kernel and fea-
ture map from convolution process; (c) feature map from pooling process

Figure 8. Convolutional layers of CNN: (a) input image; (b) kernel ma-
trices; (c) feature maps

(c) of the given input image (a) based on the trained kernel matrices of the two layers of
the convolutional layers in the proposed model.
The main second layer of CNN is the classification layers. They consist of fully connect-

ed layers (several hidden layers), and the last layer is the output layer. The classification
layer’s input is the flattened feature maps from convolutional layers that play as extracted
features of the input. In the proposed model, we combine these features with engineered
features, i.e., structure, noise, diversity, and the number of regions of an image.
For the output layer of the proposed model, we used categorical output. Since four

classes are classified in this research, our proposed architecture consists of four neurons
in CNN’s output layer.

6. Main Results. The proposed architecture in this research is used to classify images
into four classes, based on the level of dirtiness of images, and they are very dirty (class-1),
dirty (class-2), slightly clean (class-3), and clean (class-4). In this section, we will describe
the dataset, classification model, and experiments.

6.1. Dataset. The dataset consists of images collected by crawling images using certain
keywords, from Google Image, from September-2019 up to October-2019. The keywords
are the dirty city, garbage, litter, market litter, park litter, thrash pollution, and some
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Indonesian words about dirty or garbage images and clean topics. However, only images
that fulfill the reusable license are used for the experiments.

For the experiments, we also provide each image’s target class based on our subjective
perceptions. The dataset is divided into two kinds of the dataset, i.e., the original and
the augmented dataset, as seen in Table 1. The total number of images from the original
dataset in class-3 and class-4 is lower than that in class-1 and class-2.

Table 1. Number of images in datasets

Dataset
Number of images

Class-1 Class-2 Class-3 Class-4
Original 846 941 222 25

Augmented 846 941 666 626

Since the number of data is imbalanced, especially images in class-3 and class-4, more
images are crawled from Google in March 2020, and also, the dataset is augmented (class-
3 and class-4) using the rotation method. Hence, the number of images in these classes
is increased (see Table 1). The example images of each class in each dataset can be seen
in Figure 9 and Figure 10.

Figure 9. Original dataset of four classes of images

Figure 10. Augmented dataset of class-3 and class-4
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6.2. Classification model. Three main classification models are built and trained using
the original and augmented datasets. They are fully connected model using feature engi-
neering, Convolutional Neural Network (CNN) using feature learning, and CNN using a
combination of feature engineering and feature learning.
The first model is fully connected neural networks consisting of two main layers: hidden

and output layers. This model’s input is the features from the feature engineering process,
i.e., structure, noise, diversity, and the number of regions. The architecture of this model
can be seen in Figure 11. Figure 11 shows the number of neurons in the hidden layer is
32, and the number of neurons in the output layer is four since there four classes in the
proposed classification model.

Figure 11. Architecture of Model-1: Fully connected neural networks with
four engineered features

The architecture of the second and the third models is using CNN, which consists of
feature learning and classification layers. However, they differ in the classification layers.
In the second model, the input of classification layers is flattened feature maps from
feature learning layers. Meanwhile, in the third model, input for the classification layers is
a combination of flattened feature maps from feature learning layers and features from the
feature engineering process. The architecture of these two models (Model-2 and Model-3)
is depicted in Figure 12.
The input of the proposed model is an RGB image. The images in the dataset are

resized into 64 × 64. Therefore, the proposed model’s input is 64 × 64 × 3, as seen in
Figure 12(a). There are ten layers (consists of convolution and max-pooling layers) in
the feature learning layers of CNN architecture in Model-2 and Model-3. The output
of the last max-pooling layer is eight feature maps with size 2 × 2. These feature maps
are flattened for the input in the classification layers of Model-2 and Model-3; therefore,
flattened feature maps’ size is 32.
Figure 12(b) and Figure 12(c) show the architecture of classification layers in the pro-

posed Model-2 and Model-3. The input of Model-2 is a flattened feature map from feature
learning layers, as seen in Figure 12(b). Meanwhile, in Model-3, the input is a combina-
tion of flattened feature maps (learned features from feature learning layers) and features
from the feature engineering process, as seen in Figure 12(c).

6.3. Experimental result. Three models are trained with 100 epochs to classify images
into four classes using the original and augmented datasets (see Table 1). Since the model
is trained for multiclass classification, the output layer’s activation function is the Softmax
function. Meanwhile, the activation function for the remaining layers is the Relu function.
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Figure 12. Architecture of Model-2 and Model-3: (a) Feature learning
layers; (b) classification layers of Model-2; (c) classification layers of Model-
3

The built models are trained and tested using a 5-fold validation dataset. The precision
and recall of each class are measured in each fold, and the average performance accuracy
for the original and augmented datasets of all models, can be seen in Table 2 and Table
3, respectively.

Table 2 shows that Model-3 achieved the highest F1-score accuracy, followed by Model-
2, and the lowest accuracy is Model-1. The main difference between the three models is
the number of features for the classification layers, as seen in Table 4. Model-1 has only
classification layer architecture; therefore, it received input only from features from the
feature engineering process. In this research, since image classification’s visual complexity
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Table 2. Performance accuracy (%) using original dataset

Model Accuracy Class-1 Class-2 Class-3 Class-4 Average F1-measure

Model-1
Precision 61.15 57.91 0 0 29.77

31.58
Recall 67.40 67.15 0 0 33.64

Model-2
Precision 65.69 64.01 46.07 6.25 45.51

42.78
Recall 76.90 66.56 13.79 4.17 40.36

Model-3
Precision 70.92 66.03 54.77 0 47.93

45.86
Recall 77.98 69.10 28.80 0 43.97

Table 3. Performance accuracy (%) using augmented dataset

Model Accuracy Class-1 Class-2 Class-3 Class-4 Average F1-measure

Model-1
Precision 57.35 47.38 44.35 57.19 51.57

51.51
Recall 66.32 46.46 25.11 67.90 51.45

Model-2
Precision 74.42 61.02 53.97 72.29 65.43

65.23
Recall 69.24 62.97 55.71 72.20 65.03

Model-3
Precision 82.69 72.63 71.11 75.88 75.58

75.15
Recall 82.84 77.48 71.39 67.21 74.73

Table 4. Features for classification models

Model
Number of
features

Features

Model-1 4 Feature Engineering: [structure, noise, diversity, region]

Model-2 32
Feature Learning: flattened feature maps 8× 2× 2 from
feature learning layers

Model-3 36
Feature Learning and Feature Engineering: Combination of
flattened feature maps 8× 2× 2 from feature learning layers
and four engineered features

is the objective of this research, we use four kinds of features that we assume to represent
the image, i.e., structure, noise, diversity, and the number of regions.
Model-2 and Model-3 have two main layers, feature learning, and classification layers.

From the architecture, there are eight 2×2 feature maps from the feature learning layers.
These feature maps are flattened. Hence there are 32 features for input in the classification
layers of Model-2 and Model-3.
However, in Model-3, engineered features are added as input for the classification layers;

therefore, Model-3 has 36 features. The experiments show that a model with features from
feature learning and feature engineering increases the performance accuracy.
Feature learning layers in Model-2 and Model-3 generate features based on the trained

model. Meanwhile, feature engineering is engineered by the expert using the feature ex-
traction method, based on the classification problem. For instance, since this research,
images are classified based on their level of dirtiness or complexity; then, four important
features represent the images. Therefore, we propose a combination of feature learning
and feature engineering for the classification to increase performance accuracy, as seen in
Table 2 and Table 3.
Table 2 shows that class-3 and especially class-4 are the most difficult to classify since,

in the original dataset, since there are only a few data available in class-3 and class-4. As
seen in Figure 13(a), there is imbalanced data in the original dataset, where the number of
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Figure 13. Total data in the original and augmented datasets

data for class-3 and class-4 is only 11% and 1% of all data. Table 1 shows 25 data in class-
4, and this data is divided into 5-fold validation. Therefore, only 20 data for training and
5 data for testing in class-4. Meanwhile, in class-1, there are 846 data available. Hence,
using 5-fold validation, the training process used at least 676 data for training. Therefore,
these imbalanced datasets between each class, affect the learning process of all models.

Since all models achieve the low accuracy of class-3 and class-4, the dataset is augmented
using the rotation method. Figure 13(b) shows the number of data in each class is
balanced. Hence, this balanced data from the augmented dataset increased all models’
average accuracy, especially for class-3 and class-4. The result of the experiment using
the the augmented dataset can be seen in Table 3.

A similar pattern of accuracy is obtained also using the augmented dataset. As seen in
Table 3, Model-3 still achieved the highest average accuracy since this model uses feature
learning and feature engineering for the input in the classification layers.

Comparing each model using the original and augmented dataset for the classification
is depicted in Figure 14. As seen in the figure, Model-3 achieved the highest accuracy
using the original and augmented datasets. Furthermore, the lowest accuracy is achieved
by Model-1. The results show that a combination between feature engineering (handmade
features: structure, noise, diversity, region) and feature learning increases the accuracy
of visual complexity classification. In feature learning, the CNN architecture learns the
appropriate features that represent the dataset. Meanwhile, in feature engineering, hand-
made features are determined based on the knowledge of the problem. Therefore, hand-
made features emphasize the features from feature learning to increase accuracy. Figure
14 also shows that classification using the augmented dataset achieved higher accuracy
than the classification using the original dataset since each class’s data is balanced.

7. Conclusions. A combination of feature learning and feature engineering for image
classification is proposed. In this research, the classification problem is an image classifi-
cation based on its level of dirtiness, consisting of four classes; they are very dirty, dirty,
slightly clean, and clean. This image classification can be used to map areas based on the
taken photo or images from the area.

Three models are built and trained to classify the images. Model-1 used features from
feature engineering as input for a fully connected neural network. Meanwhile, Model-2
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Figure 14. Comparison performance accuracy of classification of images
based on its level of complexity

used Convolutional Neural Network (CNN), which has feature learning layers and clas-
sification layers. The proposed Model-3 is CNN, with features from feature engineering
and feature learning for the classification layers.
The experiments showed that the combination of learned and engineered features using

the original and augmented datasets achieved the highest performance accuracy. The
learning process of CNN obtains features automatically. This process learns how to map
the given input image and its target. Meanwhile, features from the feature engineering
process are determined based on the problem and obtained using the feature extraction
method. In this research, four features are extracted to represent the level of dirtiness
of an image; they are structure, noise, diversity, and number of regions. This feature
combination makes accuracy increase.
Future works can be done by adding other features and using transferred learning from

another classification model that achieved high-performance accuracy.
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