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Abstract: Field Programmable Gate Array (FPGA) based CNN 

accelerator is getting popular due to its high performance at lower 

power requirements. Since the convolution process requires the 

huge number of the multiply and accumulate (MAC) operations it 

costs more amount of area and power. In this paper, a generalized 

pipelined architecture for the CNN model is reported and the 

functionality of the key elements is quantitatively presented.  This 

pipelined architecture employs the limited number of functional 

units and schedules the operation over the more number of clock 

cycles. This pipelined approach helps in achieving lesser 

hardware complexity, therefore, lesser power and area 

requirements at the cost of speed. The architecture presented in 

this paper can be customized for given CNN model by configuring 

Image size, Kernel sizes, Kernel buffer, pooling and activation 

type, etc. Finally, the hardware requirements of CNN architecture 

for LeNet-5 is reported as a case study and analyzed. 

 
Index Terms: ASIC, CNN, FPGA, GPU, LeNet, MAC.  

I. INTRODUCTION 

Convolutional neural network (CNN) modeling is a popular 

deep learning technique in the field of machine learning. This 

technique is widely adopted in wide range of applications like 

search engines at data centers, IoT, Robot vision, 

Surveillance, Embedded vision applications for different 

markets including the industrial, medical and automotive, … 

etc. [1-6]. There are various articles reported on CNNs 

accelerators using GPUs, FPGAs and ASICs. Among these 

platforms, GPUs are emerged as platform for accelerating 

Convolutional Neural Network due to their high performance 

and high parallel structure [7]. Moreover, the growth of 

machine learning in recent years has contributed to the 

emergence of GPUs. In general a GPU is composed of array 

of mini graphic processors and each mini processor possesses 

a computation unit and local cache [2], [6]. A shared 

high-speed bus across multiple mini processors in GPU and 

the high speed interconnect interface for fast data exchange 

makes GPU solution more power hungry. Hence hardware 

design for CNN in hardware accelerators would require less 

power and cost compared to GPUs at a marginal compromise 

of the computation capability [8 -19]. Though the 

performance of FPGA is much lower compared to GPU, 

power consumption is significantly low [5]. This can color 

FPGA based accelerator as highly suitable solution for low 

power applications where the speed is not a top priority. Deep 

learning algorithm can be optimized for minimum hardware 

and higher data access in FPGA based solution compared to 
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the GPU based solution. Implementation of hardware 

accelerators is crucial for CNNs based IoT system 

applications with higher performance and power efficiency 

[19]. In recent years, FPGA based accelerators drawn the 

research interest due to its higher performance, energy 

efficiency, shorter development cycle, and the capability of 

recon configuration [1], [8 - 11]. Therefore, the hardware 

based acceleration of ANN processing got more popularity 

[12]–[14]. In order to enhance ANN learning performance, 

special-purpose analog circuits are adopted in [15]. FPGA 

based ANN designs are described in [13], [16] for fine-grain 

parallelization. The parallel processing based neural network 

computation is adopted in used in [17]. Application Specific 

Integrated Circuit (ASIC) chips for commercial hardware 

solutions are reported in [14]. In order to achieve appropriate 

system control and online learning, DSP processor, and the 

customized hardware are integrated into an FPGA [9]. 

Influence of bit-width optimization on learning performance 

for cost-effective hardware implementation is presented in 

[4]. Efficient hardware implementation with bitwise neural 

network is proposed in [18].  

The rest of this paper is organized as follows. The math 

behind the CNN operation is quantitatively presented in 

Section II. Section III describes the design approach for CNN 

based hardware accelerator. Hardware requirements of CNN 

architecture for LeNet-5 are reported and analyzed as a case 

study in Section IV. Finally, the conclusions of this paper are 

presented in Section V.  

II. MATHEMATICAL STUDY 

 A convolutional Network (Conv Net) is basically a 

hierarchical architecture which is inspired by biological 

neurons and it can be trained for various recognition, 

detection, and segmentation tasks. Convolution net is a 

feed-forward architecture that can be broadly split into two 

blocks: Feature extraction block and the Classification block 

as shown in Fig 1.  

 
Fig 1. The Block diagram of the CNN accelerator 

 

The feature extraction block is powered by multiple linear 

convolutions, pooling, and activation operations. The 

classification block is basically a fully connected neural 

network.   
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A. Convolution 

Convolution is an operation that extracts the features of the 

given image. The Convolution layer uses a filter matrix over 

the array of image pixels and performs convolution operation 

to obtain the feature map. This math operation takes image 

matrix and a kernel matrix as inputs.  In the convolution 

process, the matrix resulted by sliding the kernel matrix on 

the image matrix as shown in Fig 2. Here, the dot product 

computations are the elements of the resulted matrix, where 

the dot product is called as the ‘Feature Map’. In the CNN 

model, the filters serve as feature detectors for the input 

image. Feature map values are different for different filter 

matrices even for the same input image.  

 

 
 

Fig 2. Convolution Process 

 

The mathematical representation of the convolution process 

[19] shown above is given by the equation (1). 

 

O [ofi][row][col] = b [ofi] +  

           

   

   

   

   

    

   

             
   
                  

0 ≤ ofi < Fo ,  0 ≤ n < Fi ,  0 ≤ r < R ,  0 ≤ c < C   … (1) 

 

Here, ofi: Current output-feature’s index number, Fi: Total 

number of the input channels and Fo: Total number of the 

output features. row and col: Current output-feature’s data 

row and data column index; s: Stride size, w: Filter weight, b: 

Filter bias weight. K: Kernel size, R: Row size and C: column 

size. There are four parameters used to determine the output 

size of the feature map and that control the convolution 

procedure: 

(i) Depth of the filter: Depth of the filter or kernel is an 

important feature for the convolution operation. Depth of a 

kernel or filter is same as the depth of convolution input. For 

example, for an input of the size (5x5x3), the depth of the 

filter to be used for convolution is 3. On the other hand, for 10 

channels in the input image, the depth of the filters must be 

used is 10 which is equal to the depth of the input.  

(ii) Stride:  Stride value gives the amount of slide or jump of 

the kernel window over the input image. It is the number of 

pixels skipped after overlap. For example, if a filter is moved 

by one pixel for each overlap, the stride size will be one and if 

it jumps by 2 pixels then the stride size will be 2 and so on. 

The larger strides may result in smaller feature maps and 

there can be loss of feature information. 

 (iii) Zero-padding: Sometimes filter size may vary such that 

it is not fitting the input image perfectly. In such situations, it 

is necessary to pad the input image. Padding means adding 

zeros to the boundary of the image so that it fits. Dropping the 

part of the image where the filter does not fit is called valid 

padding where it keeps the valid part of the image only. This 

phenomenon is known as non-zero padding or a ‘narrow 

convolution’. 

(iv) Kernel size: Kernel size is also very crucial in a 

convolution operation since it decides the output feature map 

size. Consider an image matrix of dimension (I x I x C) where 

I is the height and width of the image and C is the number of 

channels and a filter of dimension (k x k x d) where k is the 

width and height of the filter or kernel and d can either be the 

number of channels same as C or it can vary for each kernel 

or filter. Then output size can be found as in equation (2). 

1S I k                                                             … (2) 

B. Pooling 

After a convolution layer, a pooling layer is used. The 

pooling layer reduces the dimensions of the image. It reduces 

the image size by mapping a set of pixels to a single value, 

which both shortens the training time and prevents from over 

fitting. Spatial pooling can also be called as down sampling 

or subsampling that reduces the feature map size and retains 

important information. The pooling extracts a set of 

neighboring pixels information from in each channel. The 

pooling window size determines the number of elements 

taken into consideration to find the maximum element. Fig 3 

depicts the pooling operation on an input feature map. Spatial 

pooling can be categorized into two types 

 

.
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Fig 3. Pooling: (a) Average pooling (b) Max pooling 

(i) Max Pooling:  The most common type of pooling used is 

max pooling. It takes the largest number (matrix element) 

from the rectified feature map and rejects most of the data. 

Max pooling extracts  

Table 1. The List of Activation Functions 

S. No. Activation Function Description 

1 Sigmoid or Logistic Activation Function      
 

     
 

2 Tanh or Hyperbolic tangent Activation Function      
      

      
 

3 ReLU (Rectified Linear Unit) Activation Function 
               

If z < 0,  R (z) = 0 and if  z >= 0, R (z) = z 

4 Gaussian Radial Basis Function         

 

   

          

5 Soft plus function               

6 Dirac’s function      

7 Unit Step Function 
              

                   

8 Truncated power function                 

 

 

 
Fig 4. CNN Accelerator for feature extraction 

 

 

the most important features like edges, etc. Fig 3 

demonstrates the functioning of Max pooling. Here, the max 

pooling window size is four. Hence, the maximum element 

out of every four pixels is mapped to the output feature map. 

Hence, the output feature size is half of the input feature size. 

(ii) Average Pooling: Average pooling, on the other hand, 

does not reject any of the input pixels and retains more 

information, in comparison to max pooling. It takes the 

average of the pixels in the pooling window in a rectified 

feature map. Fig 3 depicts the average pooling operation. 

C. Activation 

An activation function is performed in a node placed 

between or end of neuron net and it decides whether the 

neuron would fire or not.  The activation function maps the 

resulting values between 0 and 1 or -1 and 1 etc. Activation 

function can also be called as transfer function. Few of the 

activation functions used to determine the neuron output are 

listed in the Table 1. 
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III. THE DESIGN APPROACH FOR CNN BASED 

HARDWARE ACCELERATOR 

Generalized pipelined architecture for the CNN processor 

shown in Fig 4 can be customized for the given CNN model 

like LeNet, VGG Net, etc., and it is useful in FPGA or ASIC 

based implementation of the respective net model for the low 

power applications. 

A. Input Buffer  

The input image to be classified must be loaded into the 

input buffer before starting the process. This can be a DRAM 

or a register array. 

B. Kernel Buffer 

The filter weighs are stored in the kernel buffer and the 

appropriate kernel is timely fetched from the kernel buffer 

for the convolution.  

  

Table 2. The Hardware Complexity for LeNet-5 

Layer 
Feature 

Map depth 

Output 

Size 

Kernel 

Size 
Stride Multiplications Additions 

Input Image 1 32x32 - - -  

C1 Convolution 6 28x28 5x5 1 25×24×6 (25×24-1)×6 

S2 Pooling 6 14x14 - - -  

C3 Convolution 16 10x10 5x5 1 25×6×16 (25×6-1)×16 

S4 Pooling 16 5x5 - -   

F5 FC Layer-1 - 120 - - 120×400 399×120 

F6 FC Layer-2 - 84 - - 84×120 119×84 

F7 Output Layer - 10 - - 10×84 83×10 

 

C. Convolution Unit  

Convolution unit performs the multiplication of the image 

with various kernels and accumulates the products. This unit 

consists of one large array of processing elements (PEs) to 

convolve multiple kernels with the given image. For 

example, Convolution engine array for LeNet-5 is made of 

sixteen 3x3 kernel-sized convolution processors [19]. The 

output of each filter is gathered at the output of each PE array 

and feedback to the memory for next layer computation.   

D.  Control Unit 

 The control unit controls the data streaming across the 

architecture. It performs the input buffer addressing, Kernel 

buffer addressing, Convolution streaming control, Pooling & 

activation timing and Output buffer addressing. 

 
Fig 5. Fully Connected Neural Network for Classification 

 

 

 
Fig 6. Activation Process 

 

E. Output Buffer  

The partially computed data and the output data are loaded 

into the output buffer. This also can be a DRAM or a register 

array.Once the convolution, pooling, and activation are done 

across different layers, the extracted features are fed to the 

classification block (fully connected net) shown in Fig 5.  

Here, operation at each node is illustrated in Fig 6. All the 

inputs are multiplied with trained weights and added, 

transformed by the activation function before reaching the 

next layer.   

IV. HARDWARE COMPLEXITY AND ANALYSIS 

The pipelined architecture for the feature extraction shown in 

Fig 4 can be configured for any CNN model by appropriately 

loading the kernel buffer, configuring the stride size for each 

layer operation, selecting pooling type, and activation 

function.    The number of additions and multiplications 

required for LeNet-5 is shown in the Table 2. The number of 

multipliers or adders required at the convolution layer is the 

maximum of the number of multipliers or adders required at 

C1, C3, F5, F6, and F7. These numbers of additions and 

multiplications suggest the hardware-complexity in terms of 

adders and the multipliers. The hardware complexity of 

various CNN-architectures like VGG Net, Res Net, Alex 

Net, etc. can be calculated in a similar way. In order to 

achieve the optimum complexity of MAC units, adoption of 

the fixed width multipliers can be suggested.     

V. CONCLUSION 

In this paper, literature on hardware accelerators is briefed 

and math behind the CNN operation is reviewed. 

Generalized pipelined architecture for the CNN processor 

proposed in this paper can be customized for the given CNN 

model like LeNet, VGG Net, 

etc., and it is useful for 

FPGA or ASIC based 

implementation of the 
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respective net model for the low power applications. The 

hardware complexity this architecture for the LeNet-5 is 

analyzed in terms of additions and multipliers as a case 

study. 
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