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Abstract. We present a design technique to meet application driven
constraints for performance-resource optimization of a generalized 2D
convolution with quadrant symmetric kernels. A fully pipelined multi-
plierless digital architecture for computing modularized 2D convolution
utilizing the quadrant symmetry of the kernels is proposed in this paper.
Pixels in the four quadrants of the kernel region with respect to an image
pixel are considered simultaneously with distributed queues for comput-
ing the partial results of the convolution sum in time-sliced fashion. The
new architecture performs computations in log-domain by utilizing low
complexity high performance log2 and inverse-log2 estimation modules.
An effective data handling strategy is developed to minimize routing of
data path in conjunction with the logarithmic modules to eliminate the
necessity of the multipliers in the architecture. The proposed architecture
is capable of performing convolution operations for 45.5 (1024×1024)
frames or 47.73 million outputs per second in minimum resource con-
figuration with 8×8 kernels in a Xilinx’s Virtex XC2V2000-4ff896 field
programmable gate array (FPGA) at maximum clock frequency of 190.92
MHz. Analysis shows that the performance and resource utilization be-
tween the fully parallel and fully resource constrained architectures are
proportional to f and 1/f, respectively where f is the application driven
reusability of the main computing components. In addition to resource
reduction from optimization scheme, evaluation in Xilinx’s core gener-
ator also showed that the proposed design results in 60% reduction in
hardware when compared to the design using pipelined multipliers.

Keywords: 2D convolution, log-domain computation, multiplier-less ar-
chitecture, quadrant symmetric kernels, modularized optimization,
FPGA based architecture.

1 Introduction

Two-dimensional convolution is one of the most frequently used operations in
image and video processing applications. Kernel size is usually limited to a small
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bounded range when general processors are used. It is therefore necessary to
find optimal designs to reduce hardware resources and power consumption while
supporting high speed operations for real-time applications. Convolution is a
mathematical operator which takes two functions, f and g, and produces a third
function, z, that in a sense represents the amount of overlap between f and a
reversed and translated version of g. The definition of 2D convolution O = W ∗I
in general can be expressed as

O(m, n) =
a1∑

j1=−a1

a2∑

j2=−a2

W (j1, j2) × I(m − j1, n − j2) (1)

where ai =(Ji-1)/2 for i = 1, 2 and W is the kernel function. The complexity
for 2D convolution (filter) operation in image processing applications is of the
order O(M ×N ×J1×J2) where M ×N corresponds to the x-y dimension of I/O
images and J1 × J2 is the size of the kernel. For instance, in a video processing
application, if the frame size is 1024× 1024 and the kernel size is 10×10, more
than 3 billion operations per second are required to support real-time processing
rate of 30 frames per second. Many researches have studied and presented var-
ious methods to implement the hardware architectures to perform convolution
operation for real time applications in the last two decades as described in [1] and
[2]. One of the most difficult challenges in designing the high speed convolution
architecture with a large kernel is to effectively utilize the hardware resources
and limited number of processing elements (PEs) to support real time process-
ing [3][4][5][6][7][8]. Algorithms such as [1][2][9][10][11][12] optimize the hardware
resources by generating the kernel coefficients dependent architectures. Such ar-
chitectures may be too specific and require the supports of reconfigurability
and external system to generate reconfiguration bit streams for uploading to
FPGAs in the event of changing the coefficients. Hence they are more suitable
for static kernel coefficients. In general, 2D convolution operations can be par-
titioned to a number of 1D convolutions [13] without specializing for separable
kernels [14]. Specifically, the partitioned 1D kernels are first convolved simultane-
ously on all columns of the input image and the partial results are accumulated
in a row-ordered fashion or vise versa. We presented log-domain computation to
significantly lower the complexity of the 2D convolution operation with quad-
rant symmetric architecture with support of programmable kernel coefficients
to suit different transfer functions. In this paper, we propose a modularized 2D
convolution and utilize distributed queue architecture for performance-resource
optimization where excessive performance can be utilized to minimize resource
requirement.

2 Concept of the Modularized 2D Convolution with
Quadrant Symmetric Property

From the definition of 2D convolution in (1), it can be partitioned to reflect its
symmetry. With slight modification to (1), equation (2) defines the convolution
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operation where the center pixel of the kernel is overlapped with center pixel of
the image under the window of consideration. The rearrangement of the equa-
tion is done by reducing the summation to half and by adding the terms to be
multiplied by the same kernel coefficients. For odd kernel size in equation (3),
corresponding locations in all four quadrants are added before multiplication.
The last term is outside the summation since the kernel coefficients on the axes
may be different from those reflected about the axes. For even kernel size, the
folding method is shown in equation (4). This folding scheme can be achieved
within the design with respect to particular architectural style and reduce pro-
cessing power to focus on a quarter of the kernel.

O(m, n) =
J1∑

j1=0

J2∑

j2=0

W (j1, j2) · I

(
m + j1 − J1

2
+ 1, n + j2 − J2

2
+ 1

)
(2)

O(m, n) =
J1
2 −1∑
j1=0

J2
2 −1∑
j2=0

W (j1, j2) · I
(
m ± j1 + J1

2 , n ± j2 + J2
2

)

+W
(

J1
2 , J2

2

)
· I(m, n)

(3)

O(m, n) =
J1−1

2∑
j1=0

J2−1
2∑

j2=0
W (j1, j2)×

⎡

⎢⎢⎣

I
(
m + j1 − J1

2 + 1, n + j2 − J2
2 + 1

)

+I
(
m − j1 + J1

2 , n + j2 − J2
2 + 1

)

+I
(
m + j1 − J1

2 + 1, n − j2 + J2
2

)

+I
(
m − j1 + J1

2 , n − j2 + J2
2

)

⎤

⎥⎥⎦

(4)

The log2 and inverse-log2 modules presented in [15] can further be employed to
replace the essential multiplications in (3) and (4) with additions. The logical log-
arithmic operators in (5) require very low hardware complexity. We generalized
the operators to handle input with fractions and derived very compact imple-
mentation without compromising hardware resource and performance compared
to conventional (unrolled pipelining) architectures which operate on integers
only [16], [17]. Eq. (5) states that the log2 scale of V can be calculated by con-
catenating the index IV of leading 1’s in V with the fractions (remaining bits
after Ith

V bit). The reversed process holds true as well, except the leading 1’s
and fractions, Lf , are shifted to the left by Li (integer of L) bits as shown
in (5).

log2(V ) ∼= {IV }+{(V − IV ) � IV } ⇔ log−1
2 (L) ∼= {1 � Li}+{Lf � Li} (5)

For even kernels, (4) can be modularized to balance the performance and hard-
ware resource based on the constraint imposed by the application. For example
of a high-end FPGA design (usually has greater throughput rate than needed
by the application) deployed to low-end system, the excessive bandwidth can be
distributed for reuse to minimize the resource. Vise versa, a low-end design can
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sustain very high throughput by increasing internal parallelism with more re-
source. The partitioning scheme can be defined by (6), where I4(.) is the folded
pixel value, and i is the ith partition for i in 0..�J2/(2f)� − 1, and f is the
desired reusability driven by application constraint. The design of modularized
architecture is discussed in section 3.

O(m, n) =
J1−1

2∑
j1=0

J2−1
2∑

j2=0
W (j1, j2) · I4(.)

=
�J2/(2f)�−1∑

i=0

⎧
⎨

⎩
(i+1)×f−1∑

j2=i×f

J1−1
2∑

j1=0
W (j1, j2) · I4(.)

⎫
⎬

⎭, j2 ⊆ 0...J2−1
2

(6)

3 Architecture of Modularized 2D Convolution

3.1 Dataflow of Modularized Architecture

In this section, even kernel size is assumed for the discussion. The design also
applies to odd kernel size with minor difference. It is also assumed the data
comes in stream form (i.e. pixel by pixel fetched in real-time). Equation (4) is
translated into dataflow of the convolution architecture as illustrated in Fig. 1.
Incoming pixels pass through a series of line buffers (LBs) and fold at vertical
position. This folding corresponds to the equation (4) without modification. The
results from vertical folding are sent to a set of delay registers. The horizontal
folding takes account of the inherent delays of systolic architecture rather than
direct translation of (4). This is compensated by rerouting the folding points
accordingly as shown in Fig. 1. The processing bandwidth is shared by f hori-
zontally folded lines as reflected by the partition for each i in (6). The partial
results from horizontal folding are successively accumulated to the right side and
merged to form complete output.

3.2 Overview of Modularized 2D Convolution Architecture

Fig. 2 shows the block diagram of the quadrant symmetric convolution archi-
tecture with distributed storage queues. The LBs consist of J2-1 line delays and
create massive internal parallelism for concurrent processing. The folding is de-
termined at nodes LB(i)+LB(J2 − i) where i ranges from 0 to (J2-1)/2. The
resulting nodes are registered and fed into multiplexers (MUXes) for time-sliced
processing where each selected input occupies computational modules once ev-
ery f cycles. The horizontal folding, as illustrated in Fig. 1, is done accordingly
at the nodes MQ(0)+DQ(2k+1) (where MQ is the registered output of MUX
and DQ is the distributed storage queue for vertically folded data) rather than
straight from the equations due to the pipelining involved in horizontal fold-
ing. The registered results from horizontal folding are sent to shared PE arrays
(PEAs) for multiplication with the kernel coefficients and successive accumula-
tion. The multipliers are reduced by three quarters by simply performing the
folding procedure and by another f factor for sharing of processing bandwidth.
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Fig. 1. Dataflow version of folding illustrates the compensated delays induced in the
systolic architecture. The nodes involved with vertical folding at symmetric locations
are added together. The horizontal folding takes place in every other nodes.

Fig. 2. Block diagram for overall architecture of the modularized 2D convolution with
quadrant symmetric property in the kernel

The overall output is computed by merging results of the shared PEAs through
pipelined adder tree (PAT). The original pixel values can be obtained, along
with convolved data, through synchronized registers (SyncRegs).
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Fig. 3. Design of Data Buffer Unit with DPRAMs

3.3 Data Buffer Unit

The data buffer unit (DBU), which generates the internal parallelism is imple-
mented with the dual port RAMs (DPRAMs) as shown in Fig. 3. One set of
DPRAMs is utilized to form LBs and store just enough lines of image to create
massive internal parallelism for concurrent processing. The pixels are fetched to
the data buffer in raster-scan fashion which requires unity bandwidth suitable
for real time streaming applications in video processing. The DPRAM based
implementation has advantage of significantly simplifying the address generator
compared to commonly known first-in-first-out (FIFO) based approach. Tracking
of items during transient stage is eliminated as opposed to LBs implemented by
FIFOs. The address generator with the DPRAMs based implementation makes
scalability of DBU consistent and simple. It consists of two counters to automat-
ically keep track of the memory locations to insert and read the data to internal
parallel data bus (PDB). Data bus A (DBA) of (J2-1) ×P bits wide, which is
formed with just enough number of DPRAMs in parallel, is used to insert pixel
values through write-back paths to the memory location designated by address
bus A (ABA). P is 8 bits for 8-bit pixel resolution. The data bus B (DBB) is
used to read the pixel values onto PDB and write to the write-back paths. Only
one address generator is necessary in buffering scheme. The DBU is only active
once every f cycles. The vertical folding and modularizing scheme is discussed
next.

3.4 Modularized Processing

The vertical folding is accomplished by pre-adding the nodes, LB(i)+LB(J 2−i),
on the PDB where i ranges from 0 to (J2-1)/2 for even size kernels. The aligned
results from vertical folding form a group of V-folded bus (VB) with the width
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of (P+1)×f bits. Each VB is connected to an array of P+1 MUXes of f -to-1
type in such a way that the binary select lines of the MUXes incrementally ac-
tivate appropriate data from PDB for time-sliced processing. Hence, each active
ordered bus of P+1 bits wide will periodically occupy the PEA on one of those
f time slots. The routing scheme shown in Fig. 2 and Fig. 4 (left) from VB to
MQ can be generalized as

V Bi {υ} ⇒ MQi

{
υ, υ = (P + 1)f − 1
{υ × (P + 1)} % {(P + 1)f − 1} , otherwise

}
(7)

for all i in (6), υ= 0..(P+1) ×f−1, where υ is the index to the VB which is
mapped to the inputs of MUX array, and % denotes the modulo operation. For
all select lines of MUXes, only one common counter suffices the time slicing
necessary according to the partitioned convolution equation in (6).

3.5 Queuing of Active VB Data

The time-sliced data on MQ i output is combined with the circular queue DQ i,
implemented with f registers of (J1 − 1)×(P +1)bits wide as illustrated in Fig. 4
(right). The merged signals MDQi[0..J1 − 1] = [MQi, DQi[f ]] are connected to
horizontal folding scheme described by

HBi (k) =

⎧
⎨

⎩

MDQi[0] + MDQi[2k], for even J1, ∀k
MDQi[0] + MDQi[2k + 1], for oddJ1, k �= 0
MDQi[0], for oddJ1, k=0

(8)

to form horizontally folded bus (HB). The k ranges from 0 to �J1/2�−1 for both
even and odd kernels (i.e. J1 is even number). The last P+1 bits of MDQi are
dropped out with the remaining bits clocked back into the DQi[0] register, mim-
icking the shifting operation of P+1 bits shift registers. Hence, the functional
equivalence of fully parallel approach in [18] can be achieved in time-sliced fash-
ion without introducing additional hardware components. The architecture of
processing elements is discussed in the next section.

3.6 Processing Elements in PEAs

The design of each PE utilizes the log-domain computation to eliminate the need
of hardware multipliers [15], [18]. The data from H-fold register is converted to
log2 scale as shown in Fig. 5 (left) and added with the output of log2 scaled
kernel coefficients queue (LKC) implemented with register set which holds the f
desired spatial samples of the transfer functions according to the partitioned in
(6). The result from last stage is converted back to linear scale with range check
(RC). If the overflow or underflow occurs, the holding register of this pipeline
stage is set or clear, respectively. Setting and clearing contribute the max and
min values representable to P+2 bits (resolution of the HB i(k) data is 10 bits
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Fig. 4. Left: routing scheme for vertically folded data, Right: feedback path of DQi

Fig. 5. Left: design of PE, Right: pipelined log2 module

for 8-bit image) register. The output of this stage is successively accumulated
along the accumulation line (ACCi) and queued by f registers at the output
(ACCo) to synchronize the computed partial results correctly to the assigned
time-slice. ‘ACCi’ is set to 0’s for the leftmost PE in each PEA. For the right-
most PE, the output buffer at ‘ACCo’ is replaced with cyclic adder for cyclic
accumulation of the results produced by the PEAs. Cyclic adder is similar to con-
ventional accumulator used in multiply-accumulate (MAC) unit with periodic
reset signal. Cyclic adder sums up the results produced by each f -cycle inter-
val. The output of LKC is looped back to its input through 2-to-1 MUX. Thus,
the coefficients stored and rotated in LKC can be synchronized to appropriate
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time-slice. The other input on the MUX is connected to the coefficient input
bus, ‘LKCi’ from its neighbor PE. With the coefficient output, ‘LKCo’, an inter-
chained bus can be organized for streamed initialization of kernel coefficients for
different convolution masks. The PE can easily be modified to support negative
inputs from horizontal folding. This is done by separating out the sign bit and
exclusively OR-ed the registered sign bit with the sign from output of LKC
queue. Hence if either one is negative, a subtraction is carried out alone the
accumulation line. Otherwise, addition is performed. The log2 architecture shown
in Fig. 5 (right) is very similar to [15], except full precision is used and registers
are introduced to approximately double the performance. The maximum logic
delay is reduced to single component and makes no sense to pipeline further.

4 Simulation and Error Analysis

4.1 Simulation

Both low-pass and high-pass transfer functions are applied to convolve with 8-bit
grayscale images (336×336) in the simulation. The log2 and inverse-log2 modules
are optimized based on the resolution of the test images shown in Fig. 6a and 6b.
Fig. 6a is derived from Fig. 6b by adding Gaussian noise withμ = 0andσ2 = 0.02.
Each test image is fetched into the architecture pixel by pixel in raster-scan
fashion. After transient state, the outputs become available and are collected for
error analysis. The resulting images produced by the Matlab software are shown
in Fig. 6c and 6d for noise filtering and edge detection kernels, respectively. The
corresponding output images from hardware simulation are shown in Fig. 6e
and 6f. Both images are visually identical to Fig. 6c and 6d. Error Analysis is
given next to determine quantitatively the degree of difference.

4.2 Error Analysis

Typical histograms of the error between software algorithm and hardware sim-
ulation are shown in Fig. 7a and 7b for the test images. The error produced in
noise filtering illustrated in Fig. 7a has average error of 2.19 pixel intensity with
peak of 22.23. The average error for applying the edge detection kernel in Fig. 7b
is 4.17. Simulation with large set of images shows majority of the errors in this
design is less than 5 pixel intensities. The peak errors are generally larger for
high-pass transfer functions since the kernel coefficients typically have broader
range of sample values. Images with evenly distributed histograms also have ten-
dency to increase the peak error while contribute less to average error. The error
measure includes the fact that the hardware simulation is bounded to approxi-
mation error and specific number of bits representable in the architecture where
the software algorithm is free from these constraints. The performance-resource
relationship is characterized in section 5.
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Fig. 6. (a) and (b) are test images for convolution operation with low-pass and high-
pass transfer functions, respectively. (c) and (d) are the output images produced by
Matlab software. (e) and (f) are the results from hardware simulation.
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Fig. 7. Histograms of error for (a) noise filtering and (b) edge detection kernels. The
corresponding average errors are 2.19 and 4.17 pixel intensities with the peak er-
ror at 22.23 and 70.97. The reason such large peak errors exist is that the range
of kernel coefficients is broader with well distributed histogram on the test im-
ages.
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5 Performance-Resource Optimization

5.1 Hardware Utilization of Minimum PEA Configuration

The hardware resource utilization is characterized based on the Xilinx’s Virtex
II XC2V2000-4ff896 FPGA on the multimedia platform and the Integrated Soft-
ware Environment (ISE). The particular FPGA chip we target has 10,752 logic
slices, 21,504 flip-flops (FFs), 21,504 lookup tables (4-input LUTs), 56 block
RAMs (BRAMs), and 56 embedded 18-bit signed multipliers in hardware; how-
ever, we do not utilize the built-in multipliers. The resource allocation for various
sizes of the kernels with minimum PEA is shown in Table 1. For 16×16 kernels,
the computational power is 8 log-domain additions instead of 256 multiplications
with fully parallel approach. The maximum windows can be utilized on target
FPGA is mainly constraint by the storage capacity rather than the LUTs. In
addition to trading the performance for resource, the design utilizes approxi-
mately 60% less hardware resource when compared to the quadrant symmetric
architecture which implements fully pipelined multipliers.

5.2 Performance Evaluation of Minimum PEA Configuration

The critical timing analysis of Xilinx’s ISE shows that the 190.922MOPS of the
PEAis themost optimal throughputachievablewith themaximumclock frequency
of 190.922 MHz. The overall output of convolution architecture for various sizes is
shown in the last column of Table 1. It should be clear that the performance de-
creases with large kernels. The propagation delay of log-based architecture is com-
parable to Xilinx’s enhanced multiplier-based architecture which is 0.21ns faster.
Further evaluation of pipelining the critical path suggests that increasing the level
of pipelining does not gain significant throughput rate. Given 1024×1024 image
frame, it can process over 45.5 frames per second without frame buffering with 8×8
kernel. Characterization of optimization scheme is discussed next.

5.3 Characterization of Optimization Scheme

In this section, we characterize the relationship between the performance and the
resource allocation of the architecture in various configurations. We first analyze

Table 1. Hardware resource utilization for various sizes of the kernels with its corre-
sponding performance indicates the overall effectiveness of the architecture

Kernel Size Logic Slices Slice FFs LUTs BRAMs Perf (MOPS)
4×4 3% 2% 2% 2 95.46
8×8 6% 5% 3% 4 47.73

10×10 9% 7% 4% 4 38.18
12×12 12% 10% 4% 5 31.82
13×13 15% 13% 5% 6 27.28
15×15 19% 16% 6% 7 23.87
16×16 19% 17% 6% 7 23.87
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Fig. 8. The impact of reuse of PEAs over the performance and resource utilization of
the architecture

Fig. 9. The proportionality between the performance and resource allocation for vari-
ous sizes of kernels

the impact of the parallelism on performance and resource requirement with fixed
J1 and J2 attributes, as graphed in Fig. 8. The x-axis indicates the frequency
of reuse of PEAs (i.e. the f attribute in(6)) while the y-axis is the resource and
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performance quantities normalized by the design parameters configured to the
fullest parallelism. Fig. 8 suggests that the resource utilization for even and odd
sizes of kernels has minor difference. A more interesting point should be noted is
that the performance is directly proportional to the utilization of the LUTs with
varying f attribute. The Slices also tend to increase with larger f since storage
capacity must be increased for the DQ queues, LKC queues, and output queues
of the PEs. While the performance-resource has exponential relationship to the
kernel size, its trading is nearly linear with f as depicted in Fig. 9. For example,
the ratio for the LUTs of fully parallel and reused configurations is about 8 (f
=8) while performance of fully reused architecture is reduced by 1/f .

6 Conclusion

A technique for optimization of 2D convolution architecture with quadrant sym-
metric kernels is being presented in this paper to balance the performance and
hardware resource based on the constraints imposed by the application. The de-
sign regularizes the reusability of the core components determined by application
specification. We also demonstrated the generalized procedure for realization of
the low complexity architecture with effective data path routing scheme and
the assistance of logarithmic estimation modules. For the implementation highly
limited to the resource, we showed that the architecture is able to sustain 45.5
1024×1024 frames per second (fps), which is more than real-time criteria of 30
fps, with minimum resource of 6% Slices and 3% LUTs for 8×8 kernels in a
Xilinx’s Virtex XC2V2000-4ff896 FPGA at maximum clock frequency of 190.92
MHz. We also determined that the optimization of the performance and resource
has a relationship of 1/f , where the f is evaluated by the application. With larger
f , both normalized performance and resource are reduced to 1/f .
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