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Abstract: Last decade has witnessed rapid growth for the popularity of Convolutional Neural Networks (CNNs), in 
detecting and classifying objects. Convolutional Neural Networks extract deep features from images and define an 

exceptionally powerful class of models, but are inherently limited to model geometric transformations due to the fixed 

geometric structures in its building modules. Many attempts have been made to acquire rotation and scale invariances in 

CNNs. In this work, a novel approach is proposed for incorporating rotational invariance with CNN. We propose a deep 

learning approach for Rotated Image Classification. In our method, a convolutional neural network (CNN) learns the 

orientation of image by forming an end-to-end learning approach between image and it’s orientation. 
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Introduction 

Over recent years, the landscape of computer vision has been drastically altered and pushed forward through the 

adoption of a fast, scalable, end-to-end learning framework, the Convolutional Neural Network (CNN) [40]. We 

now see several CNN-based models achieving state-of-the-art results in classification, localization, semantic 

segmentation, and action recognition tasks, amongst others[40]. Rotation invariance and translation invariance 

have great values in image recognition tasks[40]. Convolutional Neural Networks extract deep features from 

images and define an exceptionally powerful class of models, but are inherently limited to model geometric 

transformations due to the fixed geometric structures in its building modules. Many attempts have been made to 

acquire rotation and scale invariances in CNNs. In this work, a novel approach is proposed for incorporating 

rotational invariance with CNN. The baseline of all the previous existing state of the art methods is to detect the 

orientation of the image and rotate it back with the same rotation angle identified and classify the image. This 

pipeline is shared by most of the existing methods, which pay particular attention to learning the orientations or 

building efficient mapping functions. In this paper, we show that the pipeline mentioned prior is equivalent to a 

deep convolutional neural network. Motivated by this fact, we consider a convolutional neural network that 

directly learns an end-to-end mapping between rotated image and it's the respective angle of rotation. Our 

method differs fundamentally from existing external example-based approaches, in that, ours does not explicitly 

learn the orientations. These are implicitly achieved via hidden layers. Furthermore, the rotation angle learning 

techniques are formulated as convolutional layers, so are involved in the optimization. In our method, the entire 

pipeline is fully obtained through learning. The proposed RIC_CNN has several appealing properties. First, its 

structure is intentionally designed with simplicity in mind, and yet provides superior accuracy compared with 

state-of-the-art methods.   

In our proposed approach, Rotation Identification & Classification using CNN, an approach, we want to treat 

our problem as a classification one, the network would classify our images into anyone class among 360 classes 

which represent 0 – 360 degrees. With the identified rotation angle, we rotate our image back to with the same 

angle found having 0 degrees as the reference angle. The size of training dataset remains the same in this 

approach, which results in no addition of training time. Without demanding any training data augmentation or 

CNN architectural change, the proposed method, ‘Rotation Identification & Classification using CNN’, 

achieves better rotation invariant performances. The convolutional neural network learns the rotation angle of 

the image from its features. The method is experimented on handwritten characters using MNIST and 

MNIST_12k_rot datasets.   

 

Related Work 

To incorporate rotational invariances in CNN based detection and classification, many methods have been 

proposed. Some of them preprocess the images and some other methods modify the CNN architectures.  

Convolutional Neural Networks 

Convolutional neural networks (CNN) date back decades [27] and deep CNNs have recently shown explosive 

popularity partially due to its success in image classification [18], [26]. They have also been successfully 

applied to other computer vision fields, such as object detection [34], [40], [52], face recognition [39], and 

pedestrian detection [35]. Several factors are of central importance in this progress: (i) the efficient training 

implementation on modern powerful GPUs [26], (ii) the proposal of the Rectified Linear Unit (ReLU) [33] 
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which makes convergence much faster while still presents good quality [26], and (iii) the easy access to an 

abundance of data (like ImageNet [9]) for training larger models. Our method also benefits from these signs of 

progress. 

Adding Rotation Invariance in CNN Based Classification 
The trivial method is to train the network with maximum possible rotated copies of the same training images. 

Here, CNN takes more time to learn, but it achieves the ability to classify the rotated images [ 4]. Instead of 

enforcing the network to learn the image as such, some rotational invariant features of images can be used for 

training and testing of the CNN architectures. Scale Invariant Feature Transform ( SIFT ) [ 8], Speeded-Up 

Robust Features ( SURF ) [ 1], Fourier Mellin Moments [16] are some examples of rotational invariant features, 

that can be extracted from the images. Without introducing any architectural difference in the CNN, these 

features make the classification invariant to input rotation. The concept of circular harmonics of filter kernels is 

exploited in Harmonic Networks ( HNet ) [13] for achieving rotational and translational invariance patch wise. 

Rotation Equivariant Vector Field Networks ( RotEqNet ) [ 9] represents the magnitude and angle of the 

highest-scoring orientation at every spatial location, by applying convolution kernels at different orientations. 

Oriented Response Network ( ORN ) [17] uses 'Active Rotating Filters' for making the architecture rotation 

invariant. ORN stacks rotated versions of the same filter and exploit the combined response. Deep Rotation 

Equivariant Network ( DREN ) [ 7] replaces ordinary convolutional and pooling layers by cyclic, isotonic and 

de cyclic layers to ensure rotational equivariance by exploiting the properties of permutations of rotated copies 

of same filters. Rotation equivariance can then be easily converted to rotation invariance by global pooling 

operation. Exploiting Cyclic Symmetry in Convolutional Neural Networks [ 2] describes an approach similar to 

DREN, but it uses cyclic permutations of feature maps instead of convolution filter kernels. They introduce four 

operations named slicing, pooling, rolling and stacking which can be encoded as layers of CNN and combinedly 

can make the CNN partially equivariant to rotations. Spatial Transformer Network ( STN ) [ 4] is a 

differentiable module which learns almost all transformations of the image during training. A spatial 

transformer can be trained end to end and can be inserted anywhere into a CNN. It learns the transformation of 

input with the help of three sub-modules. The first submodule, localization network learns the transformation Θ 

and controls the grid generator and sampler accordingly, which are the other two submodules of Spatial 

Transformer. During testing, STN uses the learned transformation Θ to actively transform the input image or 

feature map, conditioned on the feature map or image itself. But, for learning the transformations from input 

images, STN should be trained with transformed images. So, training data should be containing transformed 

data also. Polar Transformer Network ( PTN )[ 3] merges ideas from the Spatial Transformer Network ( STN ) 

and log-polar representation of the image. PTN is equivariant to both rotation and translation. PTN uses a log-

polar representation of data. Rotation in the rectangular coordinate system will be represented as translation in 

the polar domain. Scale and Rotation Corrected CNN ( SRC-CNN), exploits the concept of the principal 

component of characters. Before training and testing with baseline CNN, ‘SRC-CNN' maps each character 

image to a reference orientation and scale, which is again derived from the character image itself.  

 

Proposed Method 

In our proposed approach, Rotation Identification & Correction CNN, We want to treat our problem as a 

classification one, the network should produce a vector of 360 values instead of a single value. Each value of 

that vector represents the probability between 0 and 1 of each class is the correct one. In this case, the label is a 

binary vector that contains 1 only in the entry that accounts for the true value(one-hot encoding). Consider a 

rotated image, let us denote the rotated image as Y. Our goal is to recover the orientation from Y. For character 

recognition, a network with a couple of fully connected layers and convolutional layers and a max pool layer 

are chosen as the baseline network. We call this network trained and tested with rotated images as Rotation 

Identification CNN. The network learns the rotation angle of the image from its features. The three primary 

operations we perform in our CNN architecture is: 

1) Feature extraction: 

Our input, rotated image, is given to the first convolution layer, this operation extracts low-level features from 

the rotated image Y and represents each convolution output as a high-dimensional vector. These vectors 

comprise a set of feature maps, of which the number equals to the dimensionality of the vectors. The output 

from the first convolutional layer is given to another convolution layer where some more high-level features are 

extracted 

2) Non-linear mapping: This operation nonlinearly maps each high-dimensional vector onto another 

high-dimensional vector. Each mapped vector is conceptually the representation of high-level features of the 

rotated image. These vectors comprise another set of feature maps.  

3) Classification: This operation classifies the above high-level feature representations to classify into 

one of the classes representing angle from 0-360 degrees. 
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An overview of the network is depicted below, 

 

 
 

 

The Input layer will have the input shape of the network, which must be equal to the dimensions of the 

incoming data. Next, we have two consecutive convolutional layers, which will have kernel size and the number 

of different kernels as parameters that we want to slide over their input obtained from the input layer. The next 

layer is a max-pooling layer, which also takes the kernel size as an input parameter. The maximum value 

present in that kernel region is substituted in place of that whole kernel, which reduces the size and adds a slight 

transformation invariance to our network. The Dropout layer sets a fraction of its inputs this type of layer helps 

the network to train better. The Flatten layer reshapes the given n-dimensional input to one dimension. It is 

needed there because there is a Dense layer takes the only vector as input.  They take the number of outputs as a 

parameter. Finally, we have another dropout layer and the final fully-connected layer, which has the same 

number of outputs as the number of classes we want to predict. You might have noticed that in some layers we 

are passing an activation parameter. This is the type of activation function that will be used by the layer. In 

general, the relu activation is a good default value for this parameter. The last layer uses a softmax activation. 

This is used to normalize the raw class scores to class probabilities between zero and one. 

 

Once the network learns the rotation angles and then it can predict rotation angle of any given unknown data so 

that we can rotate it back with the negative of predicted angle, then we will get the data to classify with 

approximately having rotation angle like 0 degrees which makes the classifier network job easily. 

 

For classification, we can use any pre-trained model like VGG Network or any simple architecture that provides 

good performance on image classification tasks. 

During the training process, we need to define the loss function, optimizer, and metrics that we want to use. If 

we are doing classification, we will typically use a categorical cross-entropy as the loss function. Adam is a 

good default optimizer, which performs weights updating task,that usually works well without extra 

configuration. Finally, we are using a function called angle error as a metric. Metrics are used to monitor the 

accuracy of the model during training. The angle error metric is used for periodically calculating the orientation 

difference between predicted angles and ground truths. 

Experimental Analysis 

The proposed method has experimented on different character datasets. MNIST, MNIST_rot_12k datasets are 

used for verifying the performance of the proposed approach. The rotational invariant performance of the 

proposed method (RI&C-CNN) is validated separately. 

 

Table1: Angle errors for IRI_CNN over different ranges of the orientation of MNIST test dataset.                                                                                                    
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Rangeof   

orientation(degree) 

RI&C_CNN 

0-90 5.96 

90-180 6.84 

180-270 6.56 

270-360 6.88 

 

 

Table2: Percentage test error obtained by different methods, trained on MNIST train dataset (single orientation 

of digits) and tested on MNIST_rot_12k test dataset. 

 

 

 

 

 

 

 

 

Table 3: Performance comparison for different methods, trained on MNIST training dataset and tested on the 

rotated MNIST test dataset. No data augmentation is used for methods other than 'Data Augmentation'. 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 1: Behavior of Accuracy of our model as the number of epochs increases 

 

 
Figure 2: Behavior of Loss of our model as the number of epochs increases 

Method Percentage Test 

Error 

STN[40] 

RICNN[20] 

ORN[28] 

RI&C CNN 

55.59 

48 

16.23 

5.64 

Method Test error (%) Training Dataset Training 

Sec/epoch 

Testing 

LeNet 44.013 54000 4.158 1 s 

RICNN 34.167 54000 - - 

RIMCNN-12 12.63 54000 4.374 155s 

RSL 28.431 54000 4.536 42 s 

Data Aug. 

RI&C_CNN 

2.068 

5.64 

54000×6 

54000 

24.942 

19 

1 s 

1s 
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Conclusion 

An efficient approach to classify characters of any orientation and scale, without demanding any rotated or 

scaled samples in training, is proposed in this paper. The proposed method ensures the best training time - 

testing time - testing accuracy - network complexity combination among many of the existing methods. RI&C-

CNN is a generalized approach and can be incorporated to any CNN architecture as a preprocessing step for 

acquiring rotation invariances. Experimental analyses show that RI&C CNN is an efficient method to classify 

characters or objects having any orientation, irrespective of the fact that the network is trained for single 

orientation. The proposed approach acquires rotation invariances by exploring the capabilities of CNN 

architectures. Also, the proposed method does not demand any training data augmentation. The proposed 

approach can be applied, in the future, to images having multiple objects with a different rotation. If the objects 

are correctly localized, our method can be applied individually to each object to correct rotation in them. 
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