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Abstract 

Scene recognition is a hot research topic in the field of image recognition. 

It is necessary that we focus on the research on scene recognition, 

because it is helpful to the scene understanding topic, and can provide 

important contextual information for object recognition. The traditional 

approaches for scene recognition still have a lot of shortcomings. In 

these years, the deep learning method, which uses convolutional neural 

network, has got state-of-the-art results in this area. This thesis 

constructs a model based on multi-layer feature extraction of CNN and 

transfer learning for scene recognition tasks. Because scene images often 

contain multiple objects, there may be more useful local semantic 

information in the convolutional layers of the network, which may be 

lost in the full connected layers. Therefore, this paper improved the 

traditional architecture of CNN, adopted the existing improvement 

which enhanced the convolution layer information, and extracted it 

using Fisher Vector. Then this thesis introduced the idea of transfer 

learning, and tried to introduce the knowledge of two different fields, 

which are scene and object. We combined the output of these two 

networks to achieve better results. Finally, this thesis implemented the 

method using Python and PyTorch. This thesis applied the method to 

two famous scene datasets. the UIUC-Sports and Scene-15 datasets. 

Compared with traditional CNN AlexNet architecture, we improve the 

result from 81% to 93% in UIUC-Sports, and from 79% to 91% in Scene-

15. It shows that our method has good performance on scene 

recognition tasks. 

Keywords: scene recognition, CNN, convolutional supervised, Fisher 

Vector, transfer learning 
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1 Introduction 

1.1 Background and problem motivation 

With the development of the Internet, computer technology and 

multimedia technology, more and more digital images are transmitted 

as information carriers on the Internet. We live in this modern society, 

and we produce a lot of image data every day. These images are taken 

by smartphones, monitor cameras, robots cameras, etc.  

But a lot of image data not only brings opportunities, but also challenges. 

People are gradually realizing that it is impractical to manually process 

these increasing numbers of images. Therefore, how to use computer 

technology to recognize images and manage then according to some 

patterns effectively becomes a hot research topic. As an important and 

difficult branch of image recognition, scene recognition has become a 

research hotspot now. 

Scene image recognition is more complex and more difficult to deal with 

than the general image recognition. A scene picture is often composed of 

multiple objects, which increases the difficulty of recognition. Scene 

images can be divided into indoor scene and outdoor scene roughly. 

There are large differences in structure of these two kinds of images. 

Indoor scene may be more complicated and may contains more artificial 

objects. For example, living room scene may have various objects such 

as sofa, table, chair, and television. Outdoor scene such as forest, 

mountain and other natural scenes have different structures with indoor 

scenes. It is worth mentioning that outdoor scenes may contains urban 

scenes, such as city street, city building.   

Since scene image contains multiple objects, the result of scene 

recognition is possible to provide context information for specific object 

recognition in the image, and lay a foundation for higher level problems 

such as scene understanding. 

In real life, the study of scene recognition also has great significance. It is 

related to many fields, such as robot research, which is very hot in 

recent years. As the research on robots has advanced, we require robots 

to have a better understanding of the surrounding environment. Most of 



A deep learning model for scene recognition 
Zhaoxin Meng                        2019-06-04 

2 

 

the robots get environment information from vision, which is the 

camera they carry. So scene recognition is an important part of this. For 

example, good scene recognition results allow robots to quickly identify 

the scene which it is located in, and respond according to the scene. 

At present, although there are many methods for scene recognition have 

been proposed by researchers, due to the complexity of the problem, 

there is still a lot of research space for us to explore.  

1.2 Overall aim 

Scene recognition is of great significance in many popular research 

fields such as computer vision and robotics. It can provide contextual 

information for object recognition, also can help the research of scene 

understanding. Deep learning method shows better result compared 

with other traditional methods. So the project’s overall aim is to develop 

a deep learning model for scene recognition. The model design should 

improve the traditional deep learning architecture.  

1.3 Concrete goals 

Here are some concrete goals we want to achieve: 

 Analysis the use of deep learning in scene recognition. 

 Design the deep learning model for scene recognition 

 Implement the deep learning model for scene recognition  using 

Python 

 Perform the measurements and evaluate the result 

 Summary and propose future work 

1.4 Scope 

This paper focus on the field of scene recognition. It uses deep learning 

methods for scene recognition tasks, and it will be implemented using 

Python. This paper also introduces related traditional scene recognition 

methods. In this study, the occupation of resources was less considered, 

because deep learning often occupy more resources, and this model was 

mainly aimed at improving the accuracy. 
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1.5 Outline 

Chapter 2 describes the characteristics of Scene Recognition, and shows 

the recent research method of scene recognition. Then it describes the 

idea of transfer learning, and introduces PyTorch, which is a famous 

machine learning library. Chapter 3 describes the work process of this 

project, and shows how to evaluate the result. Chapter 4 introduces the 

specific design of our model, then shows the implementation details. 

Chapter 5 shows the recognition results of this model and makes a 

simple analysis. Chapter 6 summarizes the work of this paper and looks 

forward to the future work. 

1.6 Contributions 

The main contributions is that this project designed a deep learning 

model for scene recognition, and then evaluated the recognition results 

of our model. 
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2 Theory / Related work 

This chapter describes the characteristics of Scene Recognition, and 

shows the recent research method of scene recognition. Then it describes 

the idea of transfer learning, and introduces PyTorch, which is a famous 

machine learning library. 

2.1 Characteristics of Scene Recognition 

The scene recognition problem is part of the image recognition problem 

and does have a strong connection and correlation with object 

recognition. The objects contained in the scene picture have a great 

influence on the result of the recognition, but it does not depend solely 

on the category of the object. It is determined by synthesizing the 

semantic information and spatial hierarchy of each layer. There are two 

main difficulties in the scene recognition problem, namely visual 

inconsistence and label ambiguity [1]. 

 Visual inconsistence: Due to the dark difference of light illumination, 

and the influence of shooting angle and location, even the scene may 

change with time, weather and other conditions, there is a big 

difference between the scene iamges in the same category. We show 

an example of visual inconsistence in figure 2-1. 

 

Figure 2-1: An example of visual inconsistence [1]. 

 Label ambiguity: Because of similar reason we mentioned above, 

and also the shape or contours of objects within the scene are similar, 

it usually happen that some images in different categories have 

similar look. It also poses a challenge for scene recognition tasks. For 

example, the upper and lower images are in two different categories 

in the dataset, but it is difficult to find the difference even by human. 

We show an example of label ambiguity in figure 2-2. 



A deep learning model for scene recognition 
Zhaoxin Meng                        2019-06-04 

5 

 

 

Figure 2-2: An example of label ambiguity [1]. 

2.2 Recent Scene Recognition Methods 

As a relatively new research direction, scene recognition has become a 

research hot topic in recent years. The task of scene recognition is to 

identified different scenes according to the information and features of 

the image.  As technology advances, many researchers have explored a 

variety of different methods to solve scene recognition problems. 

According to the different feature extraction and processing methods, 

the methods proposed by researchers are roughly divided into four 

types by us: global feature based recognition, local feature based 

recognition, semantic information based recognition, and deep learning 

based recognition. 

2.2.1 Global feature based recognition 

Many of the early researches used global information of images, such as 

color, shape, texture, and other low-level feature to describe the image. 

And it is often difficult to complete complex scene recognition tasks 

using single low-level information, so many researchers also use the 

combination of multiple features to describe the images. For example, 

Vailaya et al. [2] extracted two low-level features of the images, the edge 

texture and color, and used support vector machine(SVM) and Bayesian 

classifier to recognize the scene image.  

Researchers also try to extract the more high-level global features of the 

image. Oliva et al. [3] proposed the GIST feature, which ignores the local 

information of the image, and try to extract the global spatial structure 

of the image. The GIST feature is efficient and fast, and it has achieved 

good results in outdoor natural scene recognition. However, because it 

can only provide less semantic information, it has poor performance in 

indoor scenes with many artificial objects [4]. On the whole, the global 



A deep learning model for scene recognition 
Zhaoxin Meng                        2019-06-04 

6 

 

feature obtains less information, and the recognition result on scene 

image is not good. 

2.2.2 Local feature based recognition 

Because of the shortcomings of global features, researchers began to 

explore other new feature extraction methods. Since the number of local 

feature is big, and it is robust to many image transformations, local 

feature based recognition is gradually becoming popular. The main 

steps of these methods are that they compute dense local descriptors 

from the image, then encode these descriptors, and join them to a fixed 

length. Finally we can get the feature vector that represents the input 

image. 

One of the most famous local feature methods is the Scale Invariant 

Feature Transform (SIFT) feature proposed by Lowe [5]. The SIFT 

feature derives features by computing the feature points and descriptors 

in the image. SIFT features have a large number of features, even a small 

number of objects can generate a large number of SIFT feature points. At 

the same time, the information contained in SIFT features is rich, and it 

can matched the features accurately and quickly. SIFT feature can obtain 

satisfactory results in outdoor natural scene and artificial scenes which 

have clearly structure. But for more complex scene, its recognition 

results are not excellent. 

And in 2005, Dalal et al. [6] proposed the Histogram of oriented 

gradient (HOG) feature, and its earliest application field is object 

detection. The main idea of HOG is that the information of local objects 

in the image can be represented by gradients and edges. First we divide 

the image into multiple cell units, and then calculate the gradient 

information of the cell unit. Finally we combine the cell units to obtain 

the HOG feature. HOG can achieve good results for scene image which 

has stable structure, but when the structure of the scene category is 

unstable, the result of HOG is not satisfactory. 

On the whole, local feature can only show limited semantic information, 

and these methods often ignore the spatial structure relationship 

between local features, which has certain limitations. 
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2.2.3 Semantic information based recognition 

In order to solve the problems in above methods, researchers attempted 

to describe the image by modeling the features, so we can obtain higher-

level image features which could contain more semantic information. 

Lazebnik et al. [7] proposed spatial pyramid matching (SPM) model, 

which can use the spatial information of feature points. Elzenszwalb et 

al. [8] proposed the Deformable Part Model, and Pandey et al. [9] 

applied this model to scene recognition tasks, and they got excellent 

performance. Li et al. [10] proposed the Object Bank (OB) model, which 

regards the scene image as a series of object. Due to the characteristics of 

the OB model, it is more sensitive to indoor and outdoor scene which 

has clearly objects. 

 On the whole, the semantic information based recognition combines the 

feature information and semantic information of the image, but it still 

use hand-crafted features, which is difficult to apply to different image 

datasets. 

2.2.4 Deep learning based recognition 

As the number of categories in datasets and the number of images 

increases, the hand-crafted feature is not suitable for the current 

research. Now deep learning methods gradually shows its advantages. 

In recent years, the Convolutional Neural Network (CNN) has 

performed well in the field of image recognition. In 2012, Krizhevsky et 

al. [11] proposed a 7-layer network structure called AlexNet, which get 

best result in ImageNet LSVRC 2012. And after development in recent 

years, more deeper network structures like VGG [12], ResNet [13] have 

also been proposed. 

However, since ImageNet [14] is a common object image dataset, it may 

not be suitable for scene recognition tasks. So Zhou et al. [15]  provided 

a large-scale scene image dataset called Places, they trained CNN on 

Places, and found the CNN got better result compared to previous 

research. 

And researchers are trying to find better way to use these features. Gong 

et al. [16] proposed a Multi-scale Order-less Pooling (MOP) method, 

which can extract multi-scale full-connected features, and then combine 

these feature vectors together as the final representation of the image. It 

get good results on image recognition tasks. In recent years, researchers 
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have also become interested in using convolutional layer information. 

Researchers have attempted to use the low or middle level 

convolutional layer to get the information which may be lost in the full-

connected features. For example, Yang et al. [17] proposed the Directed 

Acyclic Graph Convolutional Neural Network (DAG-CNN), which uses 

multiple convolutional features to recognize the scene image. Guo et al. 

[18]  also contributed to the extraction of convolutional information. The 

paper proposes local supervised layer that can enhances the semantics 

in the convolutional layer, and the convolutional feature is encoded by 

Fisher Vector. 

On the whole, the deep learning methods can avoid the limitations of 

hand-crafted features, and it has achieved better results in recent years. 

We can see that the deep learning methods should be the most 

important research trend in the field of scene recognition. 

2.3 Transfer learning 

Transfer learning is not a separate research field. In fact, it is a common 

machine learning method or idea. The essence of transfer learning is to 

use the knowledge learned in one field in another field. In recent years, 

with the development of deep learning and machine learning, the idea 

of transfer learning is more and more often appeared in the popular 

research fields, such as computer vision and natural language 

processing. 

Due to various reasons such as lack of data or limited computing 

resource, the purpose of using transfer learning is often to use a small 

number of samples to build a reliable model that can be deployed. 

Therefore, transfer learning has often been used when we have large 

datasets in similar fields. We can first get a well-performing model by 

training on the large dataset, and then apply this model to the target 

field problem which we hope to solve. And we also need the features we 

trained on the transfer model to have certain generalization properties, 

which has additional requirements for the large datasets. It is very 

important to choose the field of transfer. If the knowledge is not 

appropriate, there may even be a situation of “negative transfer“ [19]. 

We can simply describe the basic process of transfer learning. 
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First, we need to select the source area and the model. In the field of 

computer vision, many researchers have released their network model 

based on many large datasets. For example, PyTorch provides a variety 

of network structures pretrained on ImageNet. 

Then, we transfer the model. After selecting the pre-trained model, we 

apply it on our target problem. It is worth noting that for the pre-

training model of the convolutional neural network structure, the 

features acquired in the lower layers are more generalized, and the 

higher the number of layers, the stronger the correlation between the 

features and the data. 

Last, we need to fine-tune the model. Simply applying the pre-training 

model does not achieve good results, so we use the data of the target 

dataset to fine-tune the model to adapt the model to the target area. We 

can control the learning rate of each layers during the fine-tuning 

process to better fit the data. 

2.4 PyTorch 

PyTorch is an open-source machine learning library developed by 

Facebook’s artificial-intelligence research group, based on Python. It has 

been used by more and more researchers in recent years due to its 

excellent performance, and the similarities with common Python 

libraries such as NumPy. 
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3 Methodology / Model 

This chapter describes the work process of this project, and shows how 

to evaluate the result. 

3.1 Work Process 

 

Figure 3-1: Work process chart 

We show the whole work process in figure 3-1. To do research on scene 

recognition and design the deep learning model, first we need to 

analyze the goal we want to achieve. Clear and specific goal can be of 

great help to our research. After we have identified our goal and 

problem, the next step is to study the related work in the target area. 

The main part of this step is to search and learn about the keywords of 

the study and the techniques that may be used in implementation. The 

keywords can be added continuously during the research process. The 

initial keyword may be the name of the main research area, and then it 

will become more detailed. The third step is to design the model based 

on the research we have done. In this step we determine the techniques 

and algorithms used in the model and design the model structure. Then 

we implement the model. Finally, evaluation is a very important part of 

the process. We evaluate the performance of the model through key 

indicators such as accuracy, runtime, etc., and compare it to other 

models. 

3.2 Literature Study 

The literature study of this project is finished by searching the Internet 

databases and books. The main keywords which have been used in 

search are : Scene recognition, Deep learning, Convolutional Neural 

Network, Convolutional layer, Transfer learning, Fisher Vector.  
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Most of the keywords are searched in these websites: Google [20] , 

Google Scholar [21], CNKI [22]. 

3.3 Evaluation 

Because our model based on the classic CNN architecture, we will 

compare our model with it to evaluate if our model works well. We 

mostly focus on the scene recognition accuracy on our dataset. We can 

also calculate the precision, recall, confusion matrix, and F1-score, same 

as the common evaluation for machine learning. In future work, we can 

focus on the efficiency problem. 

3.3.1 Environment 

The evaluation environment is: 

CPU: Intel(R) Core(TM) i7-6850K CPU @ 3.60GHz 

Graphics card: NVIDIA TITAN X (Pascal) × 2 

Memory: 128GB 

OS: Ubuntu 16.04.5 LTS 

3.3.2 Dataset 

We use UIUC-Sports and Scene-15 datasets as the train and test datasets 

of this model.  

UIUC-Sports is a famous sport event datasets, which has 8 categories. 

There are 1579 scene images in the dataset. The 8 categories are 

rockclimbing, rowing, badminton, bocce, croquet, polo, sailing, 

snowboarding, each containing 137 to 250 images. Following the setting 

of this paper[23], we randomly choose 70 images from each categories as 

the training dataset, and then randomly choose 60 images as the test 

dataset. The sample images of UIUC-Sports are shown in figure 3-2. 
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Figure 3-2: Example of UIUC-Sports  

Scene-15 is a very famous scene image dataset, which originally has 8 

categories, collected by Oliva et al.[24]. Then Feifei et al.[25] add 5 

categories, and Lazebnik et al.[26] add the last 2 categories, completing 

the 15 categories dataset we see now. The 15 categories are bedroom, 

suburb, industrial, kitchen, livingroom, coast, forest, highway, insidecity, 

mountain, opencountry, street, tallbuilding, office, store, each 

containing 220 to 410 images. There are 4485 scene image in this dataset. 

We randomly choose 180 images from each categories as the training 

dataset, and use all the other images as the test dataset. The sample 

images of Scene-15 are shown in figure 3-3. 

 

Figure 3-3: Example of Scene-15 dataset 



A deep learning model for scene recognition 
Zhaoxin Meng                        2019-06-04 

13 

 

4 Design / Implementation 

This chapter introduces the specific design of our model, then shows the 

implementation details. 

4.1 Design overview 

This paper applies two improvements to the traditional scene 

recognition convolutional neural network model. 

First we try to use the information of the convolutional layers. Based on 

the idea proposed by Guo et al.[18] which we mentioned in Chapter 2, 

we add convolutional supervised layer to the network to enhance the 

information representation in the convolutional layer. In the test part, 

we use Fisher Vector to encode the feature map of convolutional layer, 

so we can get the enhanced feature. 

Secondly, we introduces the idea of transfer learning. We know that the 

parameters of network, which were pre-trained on different large 

datasets, will have different sensitivity to image features. So we consider 

the characteristic of scene images, the images in scene datasets may be 

like the whole view of the scene, or it will like an object image because 

of many reasons such as the shot angle, or the location of the shot.  

Therefore, the model we designed constructs two networks, one based 

on the model which was pre-trained on ImageNet dataset (a large object 

dataset), and the other based on the model which was pre-trained on 

Places dataset (a large scene dataset). The two networks adopt the same 

network structure. We train them on the dataset which we used, and 

then combine the result of two networks for the recognition task. 

We can summarize the main process of this method as follows: 

(1) Construct two networks based on two different datasets, and both of 

them were added convolutional supervised layer. 

(2) When training on the dataset, we combine the prediction results of 

the full-connected layer and the convolutional supervised layer to 

enhance the feature contained in the convolutional layer. 
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(3) When testing or deploying this model, for the test images, we first 

encode the enhanced convolutional feature map by Fisher Vector, 

and get the feature vectors from two network. 

(4) Use the convolutional vectors we get from (3),  and combine them 

with the full connected vectors from two networks. Now we get a 

whole new feature vector representing the test image, then we put it 

into the SVM classifier to get the recognition result. 

We show the flow chart of our model here to show how it works in 

figure 4-1: 

 

Figure 4-1: Flow chart of our model 

4.2 Network Architecture 

This paper choose the classic CNN architecture AlexNet as the basic 

architecture. AlexNet consists of 5 convolutional layers, 2 full connected 

layers, and a classification layers. The structure of AlexNet shown in the 

figure 4-2: 

 

Figure 4-2: the structure of AlexNet [11] 
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The network structure of our model shown in next figure. 

 

Figure 4-3: the network structure of our model 

From the figure 4-3, we can notice that the structure is divided into two 

networks based on different field knowledge. The upper part is the 

ImageNet-CS-CNN, and the lower part is the Places-CS-CNN, which are 

both based on AlexNet. We add the convolutional supervised layer in 

the training part. The upper and lower parts of the network are used for 

training, and the middle part is used for testing. After we calculate the 

multi-layer features of the two networks, we put the features into a SVM 

classifier for classification. 

4.3 Convolutional supervised layer  

First, we consider how to construct the convolutional supervised layer 

in our model. We build the convolutional supervised layer on classic 

CNN architecture, and now we are currently using the AlexNet[11] in 

our experiments, which consists of 5 convolution layers and 2 full 

connected layers. 

Considering the input and output of the convolutional supervised layer, 

the input of it is the feature map of the fourth convolutional layer, and 

the output is the recognition result. In fact, the improvement of 

convolutional supervised layer can be applied to any convolutional 

layers in the network, or even to multiple layers at the same time. But in 
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order to simplify our model, we only apply it to the fourth layer of 

AlexNet. Because according to experiments in paper[18], the result 

which enhance the fourth layer is better than any other layers. 

Specifically, we can express this part as follows. We have a training 

dataset, and the number of it is N. We show the sample-label pair in this 

dataset as {��, ��}���
� . 

First, we consider the classic CNN architecture, the optimization goal 

should be: 

 

Where W  is the weight of the model, and ℒ(·)  represents the loss 

function.  

Now we consider extending the classic CNN with convolutional 

supervised layer. After adding it into our model, we introduce the 

convolutional loss (ℒ�), for evaluating the loss of the convolutional layer. 

Now the optimization goal should be: 

 

Where ℒ� is the convolutional loss, and � represents the weight of the 

convolutional loss to the overall goal. ��  represents the weight in 

convolutional supervised layer. As we described earlier, different from 

paper[18], we just apply it to one layer. If convolutional supervised 

layer is to be applied to multiple convolutional layers, this optimization 

function can be extended. We can add multiple convolutional layers loss 

terms, and correspond them to different �. We will not describe it in 

detail here, and still continue to consider the case of applying it to single 

layer.  

It consists of one convolutional layer, and one max pooling layer. In our 

model, we know that the size of the fourth layer feature map is 13 ×

13 × 256. It is the input of convolutional supervised layer. After the 

convolutional layer, the size becomes 13 × 13 × 80, and after the max 

pooling layer, it becomes 6 × 6 × 80 finally. 
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After the max pooling layer, we directly connect its output to a 

classification layer. It is because we do not want to lost the information 

by the association and compression of the full-connected layer. 

4.4 Fisher Vector 

After we use the convolutional supervised layer to enhance the 

information contained in the convolutional layer, we start to consider 

how to make better use of the information. Because it is difficult to get 

the information from the full-connected vector, we consider directly 

using the convolutional layer feature to represent the image. But it is not 

appropriate to train the classifier directly using the feature map, because 

it often has large size. For example, the size of convolutional layer used 

in this paper is 13 × 13 × 256, which means it contains many redundant 

information. It is not much helpful for the recognition tasks. 

Therefore, we decided to use the Fisher Vector to encode the 

convolutional layer. Fisher Vector can help us to get the disorder feature, 

to keep the local information, but not affected by the redundant 

information. 

The Fisher kernel works well for dealing with the spatial information. 

We consider the convolutional feature maps from one convolutional 

layer, whose size is � ×� × �.  � ×� is the size of the feature map, 

and � is the number of channels. So we can get a set of feature: 

 

After obtaining the feature vector, we now consider Fisher Vector 

encoding. It means use the K Gaussian distributions in Gaussian 

Mixture Model(GMM) to approximate the feature which we want to 

encode, and use the gradient of the likelihood to represent the image[28]. 

The encoded vector includes the information in the original vector, and 

also contains the structural information in the modeling process.  

For Fisher Vector, first, we use Principal Component Analysis (PCA) to 

reduce the size of feature. PCA is a common data dimension reduction 

method in the field of machine learning. The overall dimension is 

reduced from H ×� × D to H ×� ×�. 
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Then we calculate the GMM, �� = {	��, � = 1,… , �} ,where � =

{��, ��, ��, � = 1,… , �}. It contains K Gaussian distributions. After that 

we calculate the soft assignment for every vector, 

 

Which represents the probability that the feature t is generated by the 

distribution k. Then we continue to calculate the vector,  

 

 

 

 

 

After we get gradient vector of each Gaussian distribution, we combine 

the result and normalize them. Finally, we get the Fisher Vector FV =

���
�
, … , ��

�
, ��

�, … , ��
�	� ∈ ℝ��� , which is a feature of 2�K dimension. It 

can be seen that the encoded vector dimension has no relationship with 

the convolutional layer size, so we can extend it to more convolutional 

layers same as the convolutional supervised layer. 

4.5 Double transfer network 

After using the convolutional supervised layer to enhance the 

information, and applying Fisher Vector to encode the feature map, The 

information in convolutional layer has been extracted directly. Now we 

consider the idea of transfer learning to improve the effect of our model. 
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The main idea of applying transfer learning to the scene recognition 

problem, is based on the characteristics of the scene image. We consider 

that objects are the main components of scene images, so knowledge 

about objects may have some help with scene recognition. In addition, 

due to the characteristics of CNN, it lacks the robustness to the change 

of the object size in the image. This robustness is very important for 

scene recognition, because the object size in the scene is different 

depending on the angle and location of the shot. Sometimes the 

proportion of a single object in the scene image is very large. For 

example, an image containing only a sofa may appear in the dataset of 

the living room scene. Now the knowledge about object may play a role. 

So when we consider to transfer both scene and object knowledge in the 

scene recognition problem to get better result.  

In this deep learning model, in the scene knowledge learning part, we 

choose the pre-trained model based on Places dataset[27]. The Places 

dataset is a large scene image dataset containing more than 10 million 

images which are in total of 400 scene categories. Each category contains 

5000 to 30000 training data, which is similar as the real life. We show the 

examples of Places in figure 4-4. 

 

Figure 4-4: Examples of Places 

And for the object knowledge learning part, we use the pre-trained 

model based on ImageNet dataset. ImageNet is a very famous large 

object image dataset. It is also one of the image dataset used in research. 

It contains more than 10 million images in more than 20000 object 

categories. The ImageNet pre-trained models have been tried in various 

tasks in the field of computer vision and image processing by 
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researchers. The features extracted from ImageNet model have been 

well used as the description features. We show the examples of 

ImageNet in figure 4-5. 

 

Figure 4-5: Examples of ImageNet 

From the sample image of “bedroom” category of the Places dataset and 

the “bed” category of the ImageNet dataset, it can be seen that there are 

not large difference between some categories in some cases. There are 

some “bedroom” image like “bed” in ImageNet. This also illustrates the 

rationality of transfer object knowledge to the field of scene recognition. 

So now we consider a way to combine these two kind of knowledge. 

Zhou et al. have directly mixed these two datasets, ImageNet and Places, 

as a large dataset to train model. But the result was not good as 

expected.[27] It seems that too many mixed data may not make the 

model perform better. Therefore, we consider still use the two pre-

trained model separately, and combine the feature vectors of two 

networks at the end, to get the final vector representing the image. 

As we can see from the network structure figure, we have the 

ImageNet-CS-CNN (ImageNet-Convolutional Supervised-CNN) and 

Places-CS-CNN (Places-Convolutional Supervised-CNN). We train 

these two networks with same images and labels. We get two trained 

network after training. 

During the test part, For the sample-label pair in the test dataset {�, �}, I 

is the image as the input of our model. We input I into ImageNet-CS-

CNN, and we get a vector pair �� = {���, ���}, where ��� represents the 

full-connected feature vector of this network, and ���  represents the 
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convolutional Fisher vector of the network. We input I into Places-CS-

CNN, and we get a vector pair �� = {���, ���}, where ��� represents 

the full-connected feature vector, and ���  also represents the 

convolutional Fisher vector. Finally, we combine the vector pairs 

obtained by the two networks, get the final feature vector � =

{���, ���, ���, ���} , which represents the input image I. 

We put the feature vector into a support vector machine (SVM) which 

has been trained by the training images and labels to get the result of 

scene recognition. 

4.6 Detail process and parameter setting 

The entire experiment can be divided into training part and test part. 

For the images in training dataset, we first resize it to 256 × 256, and 

randomly crop out an image with the size of 224 × 224 . Then we 

randomly flip it horizontally and normalized it. Finally we get the input 

of our model.  The random cropping and horizontal flipping can 

enhance the input image, so that our model can learn more invariance. 

During the training, we train ImageNet-CS-CNN and Places-CS-CNN 

on the training dataset separately. The loss functions of both the main 

network and the convolutional supervised layer are Cross Entropy loss 

function. Combined with the results of these two loss functions, we use 

Stochastic Gradient Descent (SGD) method to optimize the network. We 

set the initial learning rate as 0.005, and we multiply the learning rate by 

a factor of 0.2 for every 25 epochs. The number of epochs is 80, and we 

set the batch size as 32.   

After each epoch, for these two networks, we use the test dataset as 

input, and save the weight parameters which get the highest accuracy 

on the test dataset. After the model training is over, we load the two 

networks with the best parameters. Now we use the training dataset as 

input again, now we calculate the Fisher Vectors of convolutional layers, 

and get the full-connected vector of two networks. We combine them as 

the input of SVM, to train the SVM for recognition. 

For the images in test dataset, we first resize it to 256 × 256, and then 

crop it in the center, get the image with size 224 × 224, as the input of 

our model. 
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During the test, we use the test dataset as input to obtain two sets of 

convolutional Fisher vectors and full-connected vectors. Finally, we 

combine them, and put the final vector into SVM, to get the final 

recognition result. 
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5 Results 

As we described in Chapter 3, we evaluate our model on UIUC-Sports 

dataset and  Scece-15 dataset. 

5.1 UIUC-Sports 

We first evaluate on UIUC-Sports dataset. Since this paper is based on 

the convolutional neural network method, we first compare the test 

results of the traditional convolutional neural network model. 

Table 5-1: Comparison of the recognition result on the UIUC-Sports 

dataset 

Network Accuracy(%) 

AlexNet 81.21 

Our model 93.32 

From Table 5-1, we can see that after the improvement of this paper, we 

have greatly improved the effect of the traditional CNN model on scene 

recognition tasks. 

Next we analysis the result on this dataset in detail. We compared with 

the result of AlexNet. Now we have an observation at the confusion 

matrix of our model and AlexNet. 
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Figure 5-1: The confusion matrix of AlexNet on UIUC-Sports 

 

Figure 5-2: The confusion matrix of our model on UIUC-Sports 

It can be seen from the confusion matrix in Figures 5-1 and 5-2, our 

model has been greatly improved compared to AlexNet. For simpler 

categories such as rockclimbing, sailing, and snowboarding, most of the 

test images can be recognized. 

However we can also see that for bocce, croquet and other categories 

that perform poorly on AlexNet, although our model has improved the 

result, it will still be confused between categories. 
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Figure 5-3: Wrong example in UIUC-Sports 

An example of the wrong recognition is shown in figure 5-3. The two 

pictures in the upper are bocce pictures, but are misrecognized as 

croquet. The two lower pictures are croquet pictures, but are 

misrecognized as bocce by our model. We can see that the reason for the 

confusion is that the backgrounds of the two types of scene are similar, 

and the overall spatial characteristics are similar. It can be seen that our 

model still can be improved in the recognition of similar categories. 

5.2 Scene-15 

Now we test the result on Scene-15 dataset. It has more categories than 

UIUC-Sports, and it contains indoor scenes, which is also more difficult. 

Same with the experiments on UIUC-Sports, we still compare our model 

with AlexNet. 

Table 5-2: Comparison of the recognition result on the Scene-15 

dataset 

Network Accuracy(%) 

AlexNet 79.83 

Our model 91.09 
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From Table 5-2, we can see that the result on this dataset has also been 

improved. 

Next, we detailly analyze and evaluate the effects of our model. In order 

to get a clearer and more comprehensive observation of the performance 

of the model on this dataset, we collected the recognition result. Based 

on the evaluation indicators which are commonly used, we calculated 

the precision, recall, confusion matrix, and F1-score.  

First, we calculated the precision of the result. Precision is the ratio of 

correctly recognized results to all results which are recognized as this 

category. 

� =
��

�� + ��
 

 

Table 5-3: The precision  of our model and AlexNet 

category AlexNet(%) Our model(%) 

bedroom 52.63 87.50 

suburb 98.15 100.00 

industrial 74.32 89.66 

kitchen 33.33 59.09 

livingroom 72.22 90.10 

coast 84.48 93.06 

forest 83.13 90.74 

highway 73.86 86.36 

insidecity 77.27 87.97 

mountain 90.53 96.89 

opencountry 82.96 90.18 

street 74.45 88.52 

tallbuilding 83.16 95.98 

office 75.00 97.14 

store 79.23 92.31 
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Then we calculated the recall rate of the results. It is the ratio of correctly 

recognized results to all results that should be recognized as this 

category. 

� =
��

�� + ��
 

 

Table 5-4: the recall of our model and AlexNet 

category AlexNet (%) Our model(%) 

bedroom 55.56 77.78 

suburb 86.89 95.08 

industrial 41.98 79.38 

kitchen 56.67 86.67 

livingroom 59.63 83.49 

coast 81.67 89.44 

forest 96.62 99.32 

highway 81.25 95.00 

insidecity 79.69 91.41 

mountain 88.66 96.39 

opencountry 80.43 87.83 

street 91.07 96.43 

tallbuilding 92.61 94.89 

office 77.14 97.14 

store 76.30 88.89 

And we calculated the F1-score of the results. F1-score is trying to 

combine the precision and the recall, which is actually the harmonic 

mean of the precision and the recall, 

�� =
2��

� + �
=

2��

2�� + �� + ��
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Table 5-5: the F1-score of our model and AlexNet 

category AlexNet(%) Our model(%) 

bedroom 54.05 82.35 

suburb 92.17 97.48 

industrial 53.66 84.21 

kitchen 41.98 70.27 

livingroom 65.33 86.67 

coast 83.05 91.22 

forest 89.38 94.84 

highway 77.38 90.48 

insidecity 78.46 89.66 

mountain 89.58 96.64 

opencountry 81.68 88.99 

street 81.93 92.31 

tallbuilding 87.63 95.43 

office 76.96 97.14 

store 77.73 90.57 

From Table 5-3, 5-4, 5-5, we can see that our model has significant 

improvement in the precision, recall, and F1-score in each category. 

Especially in the indoor scene categories which AlexNet originally 

performed poorly, such as bedroom, kitchen, livingroom, office, our 

method all have improvement. For example, we get 97.14% both at 

precision and recall. 

We can notice that whether AlexNet or our model, the kitchen category 

get the lowest precision, which means that pictures of other categories 

are more easily recognized as kitchen. The industrial get the lowest 

recall rate in AlexNet, and the bedroom get the lowest recall rate in our 

model. It means that these two categories are the most difficult to 

recognized. We can talk about this in the confusion matrix part. 

Next we have an observation at the confusion matrix of our model and 

AlexNet in figures 5-4 and 5-5.  
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Figure 5-4: The confusion matrix of AlexNet 

 

Figure 5-5: The confusion matrix of our model 

The confusion matrix gives us the most intuitive representation of the 

recognition results. From these matrix we can also notice that, in the 

AlexNet result, the images, which are actually industrial, may be 

recognized as street, store, insidecity and tallbuilding. Our model can 

have better improvement on these categories. 
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But it is necessary to show that this model will increase the calculation 

time. The time taken to process a picture using AlexNet is about 0.02s, 

but it will take about 0.2s using our model. 

After comparing our model with the classic CNN AlexNet, we separate 

the model we designed in this paper and test the recognition result of 

each parts. The results are shown in table 5-6. 

Table 5-6: The results of each parts of our model on Scene-15 

Network Accuracy (%) 

AlexNet 79.83 

Places-CS-CNN 89.13 

ImageNet-CS-CNN 89.30 

Combination of two full-connected vectors  90.98 

Our model 91.09 

We still use AlexNet as the benchmark for our recognition results. The 

Places-CS-CNN in the table  refers to the network structure that contains 

the convolutional supervised layer and pre-trained by Places dataset. 

The ImageNet-CS-CNN is same as the Places-CS-CNN but it pre-trained 

by ImageNet. We also compare the result of only combing the full-

connected vectors without the Fisher vectors of two networks. And our 

model is the completely model with two transfer learning networks and 

combine the Fisher vectors and the full-connected vectors of two 

networks. From the result shown in the table, we can see that the 

knowledge of object (ImageNet) and scene (Places) is very useful for 

scene recognition tasks. And the combination of full-connected vectors 

form two networks achieves better recognition result than these two 

networks, which proves that we can combine transfer knowledge from 

different fields to improve the effect of recognition. Finally our model 

combines the convolutional features and full-connected features 

together, and achieves the best recognition result. 
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6 Conclusions / Discussion 

This paper designs and implements a deep learning model for scene 

recognition. Scene recognition is a hot topic in the field of image 

recognition. It is more difficult than general image recognition, and it is 

helpful for other tasks such as scene understanding. 

First, this paper introduces the basic structure of CNN, and the basic 

concept of transfer learning. 

Then we try to improve the classic CNN architecture. We use the idea of 

transfer learning, and introduce knowledge from two different fields, 

object and scene. And based on existing idea, we enhance the 

information in convolutional layer, and extract it by Fisher Vector. We 

design this model based on multi-layers feature and double transfer 

network. 

Finally, we implement the model by Python and PyTorch library, and 

design the experiment to evaluate the result of our model on scene 

recognition tasks. 

The results show that this model we designed can greatly improve the 

recognition accuracy compared with the classic CNN architecture. 

At the same time, there are many shortcomings in the work of this paper. 

First, our model spends long time for calculating the Fisher Vector of the 

convolutional layers. The computation consumes more time and 

resources than testing only using a single CNN. 

Then, due to the limited time and personal energy, we just use the 

classic scene dataset Scene-15 as the training and test data. In recent 

years, there are some medium or large datasets appear, such as SUN-397, 

and Places which we mentioned before. Compared with these datasets, 

Scene-15 still has many problems such as the number of images and 

categories are small. Training on large dataset will increase the training 

time of our model. If we can train our model on a large dataset, we can 

enrich the experiment, and will also improve the persuasiveness of this 

paper. 
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Scene recognition model will likely be used in the field of robotics and 

computer vision. It can also help Internet companies create applications 

such as smart album with scene classifications. It can also be applied in 

the security field. Through these application areas, the scene recognition 

model will have a strong social significance.  

However, it must be mentioned that the scene recognition may also 

bring potential privacy issue. The large-scale data collection and 

processing may be harmful to privacy. For example, video surveillance 

has been widely used in China. Scene recognition can of course play a 

positive role in it, such as helping to find suspects and judging where 

they are. The government also claims that the technology is applied to 

protect public safety. However, these computer vision technologies, 

such as object recognition, face detection, may also be used to monitor 

the public. Not only China, but the United States is also facing the same 

problem. In the case that the relevant policies are not open to the public, 

it is difficult for the public to judge whether their privacy rights have 

been violated. Protecting people's privacy and fighting crime should not 

be antagonistic. 

6.1 Future works  

Based on the model and the experiments we designed, I believe that 

there are still some works that can continue to be explored. 

First, although Fisher Vector provides a good result of encoding, we can 

still explore more ways to encode the convolutional layer. We can try to 

find ways that need less computation and has better result, to improve 

the efficiency and the result of this model. 

And because our model is a universal model for CNN architectures, we 

can apply it to more network architectures. For example we can change 

the AlexNet to VGG, ResNet, etc. And we can also consider adding 

other research ideas, such as multi-scale, multi-resolution, to our model 

to achieve better recognition results. 
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Appendix A: Source Code 

https://github.com/demerzel1/CNN-model-for-scene-recognition 

 


