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Introduction

• Convolutional neural network (CNN) implemented on a field-programmable gate array (FPGA) 
and used for recognizing objects in real-time video streams.

• An image pyramid is constructed by down scaling the input video stream from which Image 
blocks are extracted and classified by the CNN core.

• CNN core consists of six hardware neurons and two receptor neurons. 

• FPGA achieves a computational speed greater than 170,000 classifications per second

• Multi-category recognition method is introduced in which different weight sets are used in 
alternating video frames and thus objects within different categories can be classified for the 
same video stream.

• Feed-forward part is used.



Convolution Neural Network

• It has a five-layer architecture with 28*28 gray-scale image blocks as input.
• The first layer has six feature maps connected to a single input layer through

six 5 x 5 kernels.
• The second layer is a 2*2 max pooling layer.
• The third layer has 12 feature maps each of which is connected to six max-

pooling outputs in the second layer through 72 5*5 kernels.
• The fourth layer is a 2*2 max pooling layer.
• The feature maps of this fourth layer are fed into the final fully connected

classification layer, which consists of ten output neurons corresponding to
the ten class labels.



Computation of layers 1 and 2

Computation of layers 3 and 4

Computation of classification layer



Video Object Recognition module

• Preprocessing module
• Consists of image resizer, an image block sequencer and 

normalizer
• Image resizer down samples video source to create image 

pyramid
• Image block sequencer extracts 28*28 image block from 

image pyramid
• Normalizer normalizes the image blocks with linear 

normalization algorithm to make dynamic range between 
0 and 1.

Video processing module



• Post-processing module
• The identification number of the image block and the class label detected by 

the CNN core are input to the post-processing module.
• module identifies the position of the image block in the source image and 

marks a colored frame in an overlay memory

• CNN core
• Consists of six hardware neurons
• Each hardware neuron is composed of a Synapse Unit, a Dendrite Unit, and a 

Soma Unit
• Synapse Unit contains 25 multipliers and 25 weight memories, and computes 

the weighted inputs.
• Dendrite unit calculates the sum of weighted inputs using 25-to-1 adder in 

parallel and accumulator stores temporary sum.
• Soma unit calculates the sigmoid and max-pooling functions.
• Receptor unit scans the feature map for 5*5 sized local receptive fields so that 

hardware neurons are fully utilized.



CNN core with hardware neurons and receptor units



• The operation of the system consists of a sequence of computational stages, each of which
computes CNN layers 1 and 2, 3 and 4, or layer 5.

• In the first stage, CNN layers 1 and 2 are computed using an input image block as their
common input. Each hardware neurons computes one of kernels in layer 1 and soma unit
generates feature maps.

• In the next six stages, layers 3 and 4 are computed using feature maps of first stage. Each
hardware neuron computes one of the six kernels for each logical neuron.

• In the next six stages, stages 8 through 13, the second six feature maps in layers 3 and 4 are
computed in the same way.

• In stages 14 and 15, the computation of the classification layer is carried out based on the
feature maps computed in the previous stages. In this stage, an additional 6-to-1 adder tree
is used to sum the results of six 25-to-1 adder trees in the Dendrite Units.



Fully pipelined design
• Computes 150 multiplications (synapse units), 149 additions (dendrite units), 

six sigmoid functions in single system clock.
• An image block can be classified within 1380 clock cycles.
• However, the system pipeline may have to be flushed out before the next 

stage begins if the same control signal is referenced by all components in the 
system. To avoid flushing, the control signals are also pipelined and each 
pipeline stage refers to the respective control signal in the control pipeline.



• Also, Receptor Unit has to be prepared before it produces an output.
• Receptor Unit scans the inner area of the input image, at least five 

lines of the first part of the input mage has to be read into the buffer 
to scan 5*5 sized local receptive fields. 

• Two Receptor Units are used , when one receptor is used for reading, 
the other is being prepared by reading the feature map memory for 
the next stage.

• Total delays of 83 clock cycles per classification.



Multi-category recognition
• Recognize different objects in different categories at the same time.
• Different weight sets in alternating video frames.



Results
• Implemented on Xilinx KC705 with video encode and decoder chip 

operating at clock frequency of 250 MHz.
• A piecewise second order approximation scheme to calculate sigmoid 

functions.

Classification errors



Resource utilizations

Speed comparison



Efficiency Estimation
• Based on the utilization of the multipliers for the system efficiency.
• E = Rc * Ru * Emul

• Rc is the compositional rate of the resources used for the multipliers over the 
total resource used

• Ru is the average utilization rate of the multipliers
• Emul is the efficiency of the multipliers



Conclusion

• A CNN system for recognizing objects in a real-time video stream was 
implemented, and various schemes to improve the efficiency of the 
system were presented and can be used in various applications.
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