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ABSTRACT Article information:
Edge-vision systems on resource-constrained platforms require low-latency
and energy-e�cient front-end processing. Conventional gradient-based
edge operators continue to rely on multiply�accumulate (MAC) opera-
tions, which can increase logic utilization, switching activity, and power
consumption in �eld-programmable gate array (FPGA) implementations.
This study introduces a kernel-aware arithmetic-selection framework, sup-
ported by synthesized evidence, for energy-e�cient FPGA-based edge
detection. The framework combines XNOR�popcount-based arithmetic
mapping with selective approximate computation. Its central design
principle is to replace MAC operations with exclusive-NOR�population
count (XNOR�popcount) when the kernel structure is suitable for binary-
friendly arithmetic, and to apply approximation only to the remaining
adder-dominated stages when a complete XNOR�popcount mapping is
not practical. Under this rule, Prewitt-like operators are mapped to an
XNOR�popcount datapath over their active nonzero taps. In contrast,
Sobel-like operators are realized using a hybrid datapath that combines bi-
nary matching, shift-add processing, and approximate accumulation. The
resulting framework shows that multiplier removal is the dominant source
of hardware savings, while approximate arithmetic provides a controlled
secondary optimization. Overall, the proposed approach establishes a
structured design methodology for low-power FPGA edge-detection archi-
tectures on embedded platforms.
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1. INTRODUCTION

Recent advances in edge intelligence have shifted
many vision workloads from cloud servers to embed-
ded platforms. This shift is driven by latency, pri-
vacy, bandwidth, and power constraints [1]�[3]. At
the same time, the energy cost of computation has
become a primary design concern in modern acceler-
ators [4]�[6].

To address these constraints, prior work has ex-
plored pruning, quantization, and hardware-aware ar-
chitectures for e�cient inference [7]�[9]. These e�orts
indicate that algorithmic e�ciency and hardware ef-
�ciency must be considered jointly. However, low-
level vision front ends remain expensive on resource-
constrained hardware. Gradient-based operators re-
peatedly perform local multiplication and accumula-

tion, thereby increasing logic depth, switching activ-
ity, and implementation cost. This issue is particu-
larly important on FPGA-based edge devices, where
area, power, memory bandwidth, and arithmetic re-
sources are limited.

This study addresses the above challenge by
introducing a kernel-aware framework for FPGA-
based edge detection. The idea is to employ
XNOR�popcount computation when the kernel struc-
ture supports a binary-friendly arithmetic map-
ping, and to use approximate arithmetic only in
the remaining multi-bit stages where a complete
XNOR�popcount mapping is not practical. In this
method, the framework combines structural arith-
metic simpli�cation with controlled error-tolerant op-
timization.

Di�erent edge operators, however, require di�er-
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ent arithmetic treatments. Prewitt-like kernels con-
tain active, nonzero coefficients restricted to ±1,
while zero-valued taps can be masked out or omit-
ted from the XNOR–popcount computation. This
structure makes them well-suited to multiplier-free
implementation. In contrast, Sobel-like kernels con-
tain weighted ±2 terms, which make a complete bi-
nary mapping less direct. These observations moti-
vate a general design principle: arithmetic optimiza-
tion should be guided by kernel structure. Multi-
plier elimination should be prioritized when the active
kernel taps support XNOR–popcount reformulation,
whereas approximate arithmetic should be applied se-
lectively to residual multi-bit stages that continue to
dominate hardware cost.

Accordingly, this work is positioned as a kernel-
aware arithmetic-selection framework and evidence
synthesis, rather than as a single end-to-end ac-
celerator implemented uniformly across all abstrac-
tion levels. It consolidates three complementary ev-
idence streams: circuit-level results demonstrating
the efficiency of XNOR–popcount as an arithmetic
primitive [10], FPGA module-level results showing
that Prewitt filtering can be efficiently mapped to
XNOR–popcount computation [11], and system-level
results showing that Sobel filtering benefits from se-
lective approximate accumulation [12]. These results
are used to derive a unified arithmetic-selection rule
for energy-efficient FPGA edge detection.

The contributions of this study are threefold.
First, it proposes a kernel-aware framework that com-
bines XNOR–popcount-based multiplier elimination
with selective approximate arithmetic. Second, it
maps Prewitt-like kernels to an XNOR–popcount
datapath over active nonzero taps, while mapping
Sobel-like kernels to a hybrid datapath that combines
binary matching, shift-add logic, and approximate ac-
cumulation. Third, it synthesizes evidence across cir-
cuit, module, and system levels to derive a practical
design rule for low-power FPGA edge-detection ar-
chitectures.

The remainder of this paper is organized as fol-
lows. Section II reviews related work and motivates
the design rule. Section III presents the framework
and implementation flow. Section IV discusses the
results for the Prewitt and Sobel branches. Section
V concludes the paper.

2. RELATED WORK

Edge computing enables low-latency processing by
moving computation closer to the data source [1],
[2]. Nevertheless, image filtering and feature extrac-
tion remain computationally demanding, particularly
when local convolution windows are evaluated us-
ing multi-bit multiply–accumulate (MAC) structures
[3]–[6]. On embedded FPGA platforms, this arith-
metic cost is further constrained by limited logic re-
sources, digital signal processing (DSP) slices, and

power budgets. Therefore, arithmetic simplification
remains a key requirement for practical edge-vision
deployment.

Hardware-aware model design has reduced com-
putational complexity in many inference workloads
[7]–[9]. However, these advances do not directly elim-
inate the arithmetic cost of classical edge operators.
Prewitt and Sobel operators remain attractive for em-
bedded vision because they are simple, deterministic,
and well-suited to streaming hardware architectures.
Their main challenge is therefore not algorithmic rel-
evance, but efficient arithmetic implementation.

Binary neural computation has demonstrated that
a substantial portion of the multiplication cost can be
removed when operands are represented in binary or
bipolar form. XNOR-Net replaced conventional mul-
tiplication with bitwise XNOR operations followed
by population counting [13]. Binarized neural net-
works extended this concept by constraining weights
and activations to ±1 [14]. Subsequent studies fur-
ther developed this direction through efficient infer-
ence pipelines, edge-oriented implementations, ap-
proximate popcount schemes, and dedicated accel-
erators [15]–[18]. This body of work is relevant to
the present study for two reasons. First, it shows
that XNOR–popcount computation can substantially
reduce arithmetic complexity without requiring con-
ventional multiplier arrays. Second, it suggests that
this principle can be extended beyond neural infer-
ence when the target operator has a binary-friendly
structure. These observations motivate the use of
XNOR–popcount as a general low-cost arithmetic
primitive in this work.

Edge detection remains a fundamental stage in
many computer vision pipelines because it cap-
tures structural boundaries and local intensity vari-
ations with relatively low computational complex-
ity. In learning-based vision systems, deeper con-
volutional representations have been shown to im-
prove edge localization and contour characterization
[19]. Studies on effective receptive fields further in-
dicate that multi-layer convolutional networks can
extract boundary information across multiple spa-
tial scales [20]. These findings confirm the contin-
uing importance of edge information in both classi-
cal and learning-based vision frameworks. However,
learning-based edge detectors are often unsuitable
for resource-constrained embedded platforms that re-
quire deterministic latency, compact hardware real-
ization, and low power consumption. Under these
constraints, classical edge operators remain highly
relevant due to their algorithmic transparency, pre-
dictable resource requirements, and efficient imple-
mentation in streaming FPGA architectures.

Approximate computing is a well-established ap-
proach for energy-efficient design in workloads that
can tolerate bounded numerical error [21]. In im-
age filtering and edge detection, approximate adders
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can improve the power–performance–quality trade-
off when applied carefully [22]. Comparative studies
on Sobel edge detection have shown that moderate
approximation can preserve acceptable output qual-
ity while reducing logic complexity [23]. Hybrid ap-
proximate adders have also been proposed to reduce
carry-propagation complexity at the cost of bounded
errors in the least significant bits [24]. A key insight
from this literature is that approximation should be
applied selectively rather than uniformly. In par-
ticular, arithmetic inaccuracy should be introduced
only in stages where its impact on visual quality is
limited, and the corresponding hardware benefit is
meaningful. This consideration is especially impor-
tant for Sobel-based filtering, where the adder tree
and gradient-magnitude computation remain major
contributors to implementation cost.

FPGA implementations of edge detection are at-
tractive because of their streaming-friendly dataflow,
deterministic timing, and deep pipelining capabil-
ity [25]. Recent studies have reported practical
FPGA implementations of Sobel, Prewitt, and re-
lated edge operators [26]–[27]. These works con-
firm that gradient-based filtering maps naturally to
line buffers, sliding windows, and regular pipelined

datapaths. However, many existing FPGA edge-
detection designs still rely on conventional multi-
bit arithmetic. Some works optimize exact arith-
metic units, whereas others investigate approximate
arithmetic in isolation or focus primarily on deploy-
ment without reconsidering the underlying computa-
tion model. This separation indicates a methodologi-
cal gap: arithmetic optimization should first consider
whether the kernel structure permits multiplier-free
XNOR–popcount mapping, and only then apply ap-
proximation to the residual arithmetic stages that
continue to dominate cost.

The literature therefore shows progress in efficient
edge computation, binary arithmetic, approximate
arithmetic, and FPGA deployment, but these direc-
tions have generally been studied separately. What
remains lacking is a unified framework that first de-
termines whether a kernel can be reformulated into a
binary-friendly XNOR–popcount structure and only
then applies approximation to the residual arithmetic
that continues to dominate cost. Recent studies at
three complementary levels support this need. At
the circuit level, XNOR–popcount provides the same
computational result as MAC with much lower tran-
sistor count, power, and delay [10]. At the FPGA

Table 1: Summary of Arithmetic-Level Optimization Strategies for Hardware-Efficient Edge Detection.
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Fig.1: Kernel-aware FPGA edge-detection pipeline. The input image is streamed through a line-
buffer/sliding-window stage and processed by a configurable Prewitt/Sobel operator.

module level, this reformulation is especially effective
for Prewitt filtering, where the active nonzero coeffi-
cients are restricted to ±1, and zero-valued taps can
be masked out, enabling efficient binary mapping and
complete DSP elimination [11]. At the system level,
Sobel filtering benefits from selective approximate
carry-lookahead addition in the lower-significance ac-
cumulation path [12].

This gap motivates the framework proposed in this
work. The framework first exploits binary reformula-
tion when the kernel is binary-friendly and then ap-
plies approximation only to the residual arithmetic
that still dominates hardware cost. This design rule
is summarized in Table 1 and developed in the fol-
lowing section.

3. KERNEL-AWARE ARITHMETIC-SELEC-
TION FRAMEWORK AND IMPLEMEN-
TATION

This section defines the kernel-aware arithmetic-
selection framework and describes how the corre-
sponding FPGA datapaths are selected for different
kernel classes. The quantitative evidence used to
motivate and support the design rule is drawn from
the circuit-, module-, and system-level studies sum-
marized in Table 1. The central design principle is
straightforward: XNOR–popcount arithmetic is em-
ployed when binary reformulation is naturally sup-
ported by the kernel structure, whereas approximate
arithmetic is introduced only when full binary map-
ping is not practical. This prioritization is impor-
tant because multiplier elimination typically provides
larger hardware savings than localized approximation
alone [10]–[12].

Table 1 summarizes the cross-layer evidence drawn
from prior studies and the corresponding design rules
adopted in this work. At the arithmetic-primitive
level, XNOR–popcount computation can reproduce
MAC-equivalent operations with reduced complexity,
power, and delay [10]. At the FPGA module level,
Prewitt filtering maps naturally to this primitive be-
cause its active nonzero coefficients are restricted to
±1, while zero-valued taps do not contribute to the
inner product and can therefore be masked out. At
the system level, Sobel filtering requires a different
treatment because its weighted ±2 terms make a com-

plete binary mapping less direct. For this case, a hy-
brid datapath with selective approximation provides
a more suitable trade-off between efficiency and out-
put fidelity [12].

Figure 1 shows the overall streaming FPGA edge-
detection pipeline. The input image is first passed
through a line-buffer and sliding-window subsystem,
which generates a 3×3 neighborhood at each process-
ing cycle. The resulting windowed stream is then
fed to a configurable edge-operator core that sup-
ports both Prewitt and Sobel operators through a
unified interface. The horizontal and vertical gra-
dients, Gx and Gy, are subsequently combined in
a gradient-magnitude stage, followed by threshold-
based edge classification. This pipeline preserves the
regular dataflow required for low-latency FPGA ex-
ecution and provides a common top-level structure
for both operator branches. Although the arith-
metic style changes inside the compute core accord-
ing to kernel structure, buffering, streaming, and out-
put logic remain shared. This common organization
also simplifies deployment on Zynq-based systems us-
ing Advanced eXtensible Interface (AXI) and direct
memory access (DMA) [28]–[30].

Figure 2 details the proposed kernel-aware oper-
ator mapping. For Prewitt, the active nonzero ±1
coefficients allow direct binary reformulation, while
zero-valued taps are masked out or omitted from
the XNOR–popcount datapath. The 3×3 window
is encoded, the active taps are processed by XNOR
comparison, popcount, and sign recovery, and ex-
plicit multipliers are thereby eliminated [11]. For So-
bel, the ±1 terms remain compatible with binary-
style processing, but the ±2 terms require weighted
treatment. The Sobel datapath therefore integrates
XNOR-based matching where applicable, shift-add
processing for the ±2 coefficients, and approximate
carry-lookahead addition in the residual accumula-
tion stage [12]. This mapping is the main method-
ological contribution of the study because it shows
that arithmetic restructuring should follow operator
structure. The framework neither forces a pure bi-
nary model onto Sobel nor retains full MAC-based
arithmetic for Prewitt. Instead, it assigns each ker-
nel the least costly arithmetic realization that still
preserves acceptable output quality and streaming
FPGA execution.
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Fig.2: Architecture of the kernel-aware edge detection accelerator.

Figure 3 presents the XNOR–popcount primitive
used in the binary computation path. The primitive
compares binary inputs and encoded kernel values us-
ing XNOR logic, counts the number of matches with a
popcount tree, and reconstructs the bipolar convolu-
tion response using lightweight shift and subtraction
logic [10]. Specifically, for a kernel with N binary ele-
ments and p XNOR matches, the bipolar inner prod-
uct can be recovered as 2p-N. Therefore, the data-
path does not require a general-purpose multiplier.
This replaces the conventional multiplier-based accu-
mulation stage with simpler logic. Compared with a
multiplier-based MAC design, the XNOR–popcount
implementation reported in [10] reduces transistor
count from 2376 to 1244, power from 122 µW to 38
µW, and delay from 581 ps to 293 ps. These results
support the use of XNOR–popcount as the arithmetic
foundation of the Prewitt branch and as a partial
building block in the hybrid Sobel branch.

Fig.3: XNOR–popcount primitive and sign-recovery
datapath for binary convolution.

Figure 4 highlights the distinction between the in-
put binarization threshold Tb and the edge-decision
threshold Te. Specifically, Tb is applied before binary
processing to convert grayscale pixels into a 1-bit rep-
resentation suitable for XNOR–popcount evaluation.
In contrast, Te is applied after gradient computation
to determine whether a pixel is classified as an edge in

the final edge map. These thresholds therefore serve
fundamentally different purposes and should not be
treated interchangeably. The binarization threshold
Tb may be selected using image statistics, such as
the intensity histogram, mean intensity, median in-
tensity, or an automatic thresholding criterion. If an
automatic thresholding method is used, the method
should be specified and cited; otherwise, Tb should
be reported as an experimental parameter. This in-
terpretation is consistent with the histogram-guided
rationale adopted in the approximate Sobel design,
where the input intensity distribution is analyzed to
estimate tolerance to arithmetic error [12]. Accord-
ingly, thresholding in the framework is not merely
a post-processing operation; it also acts as a mech-
anism that links input characteristics to arithmetic
selection.

Figure 5 illustrates the deployment flow of the pro-
posed accelerator on the PYNQ-Z2 platform. The
design is initially specified in C/C++ and synthe-
sized using Vitis high-level synthesis (HLS), through
which the high-level description is translated into a
hardware intellectual property (IP) core. The gen-
erated IP is subsequently imported into the Vivado
environment for synthesis, implementation, and bit-
stream generation, together with AXI-based system
integration. At the platform level, the accelerator
is deployed on the Zynq device, where the ARM
Cortex-A processing system coordinates execution
and communicates with the FPGA fabric. The top-
level hardware architecture includes an image-control
module, an XNOR–popcount/MAC processing block,
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Fig.4: Separation of the binarization threshold Tb and the edge-decision threshold Te. The input image is
first binarized for XNOR–popcount processing, and the resulting gradient magnitude is then thresholded to
generate the final edge map.

and an output buffer, interconnected through stream-
ing handshaking signals for input data, validity, readi-
ness, and output transfer. This deployment flow
demonstrates that the framework is not confined to
an isolated arithmetic module, but can be realized as
a complete hardware-software image-processing sys-
tem on a practical PYNQ-Z2 platform. Moreover, the
integration methodology can accommodate different
operator instantiations within the proposed kernel-
aware framework.

4. RESULTS AND DISCUSSION

This section synthesizes the reported behavior of
two representative edge-operator classes under the
proposed kernel-aware arithmetic-selection rule. The
first is the Prewitt operator, which is amenable to
XNOR–popcount reformulation over active nonzero
taps. The second is the Sobel operator, which re-
quires selective approximation in the residual accu-
mulation path. This organization reflects the cen-
tral premise of the study, namely, that arithmetic

simplification should be applied in a kernel-aware
manner. Figure 6 compares the edge maps gener-
ated by an FPGA implementation based on conven-
tional MAC operations with those produced by an
FPGA implementation using XNOR–popcount [11].
The XNOR–popcount implementation preserves the
dominant edge structures with only minor deviations
from the software reference. For the MNIST and
ORL datasets reported in [11], the extracted con-
tours remain clean and mostly one-pixel wide in the
digit images, while the main object boundaries and
salient facial features are retained in the face images.
The differences introduced by the XNOR–popcount
datapath are limited mainly to weak textures and
noisy edge components, which may appear thinner
or be suppressed. Overall, the qualitative results
show that XNOR–popcount reformulation can sub-
stantially reduce hardware complexity while main-
taining the principal edge information in the eval-
uated images.

Table 2 summarizes the hardware resource utiliza-
tion of the Prewitt core under MAC arithmetic and

Fig.5: Hardware design flow and top-level FPGA architecture of the accelerator implemented on PYNQ-Z2
using Vitis HLS and Vivado.
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Fig.6: Qualitative Prewitt edge maps generated by the Exact Computation-based FPGA baseline and the
Approximate Computation-based FPGA implementation. The comparison illustrates the effect of binary re-
formulation on dominant edge preservation under the evaluation setting.

XNOR–popcount arithmetic [11]. The MAC-based
method uses 379 LUTs, 166 flip-flops (FFs), and
2 DSP slices, whereas the XNOR–popcount version
uses 172 LUTs, 123 FFs, and no DSP slices. This
corresponds to approximately 55% fewer LUTs and
26% fewer FFs, together with complete DSP elimi-
nation. These savings arise from changing the com-
putation model rather than from minor circuit tun-
ing. Multi-bit multiplication is replaced by XNOR
logic, popcount structures, and lightweight sign han-
dling. DSP elimination is particularly important on
resource-constrained FPGAs, where dedicated arith-
metic blocks are limited. Table 2 therefore indicates
that multiplier elimination is the dominant first-order
optimization for binary-friendly operators.

Table 2: FPGA resource utilization of Prewitt
edge-detection cores implemented with MAC and
XNOR–popcount arithmetic [11].
Hardware MAC XNOR– Reduction
resources popcount

LUT 379 172 54.6%
Flip-Flops 166 123 25.9%

DSP 2 0 100%

Figure 7 shows the power–latency behavior of the
two Prewitt implementations [11]. The dynamic-
power plots show that the XNOR–popcount core
consistently consumes less power than the MAC-
based core, with a reduction of about 60% across
the evaluated operating points. The latency re-
sults in Fig. 7 were obtained under the fixed-clock
evaluation setting, whereas the maximum timing-
closure result characterizes the highest achievable
operating frequency. Under these conditions, the

Fig.7: Implementation results for the Prewitt edge-
detection cores under the evaluation setting: dynamic
power and per-frame latency measured at 200 MHz.
The separately reported timing-closure frequency is
approximately 250 MHz [11].

XNOR–popcount datapath achieves lower per-frame
latency because of its shallower arithmetic path, and
timing closure is reported at approximately 250 MHz,
about five times the MAC baseline [11]. This effi-
ciency gain is achieved with only a limited reduction
in fidelity. In the evaluation, dissimilarity remains be-
low 0.08 relative to exact arithmetic, while normal-
ized accuracy remains around 0.93 [11]. Taken to-
gether, these results indicate that XNOR–popcount
reformulation can deliver substantial hardware sav-
ings while maintaining practically useful output qual-
ity in the evaluated Prewitt cases.

Figure 8 examines the effect of approximation
width on the Sobel accelerator. At the system
level, resource utilization remains relatively stable
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Fig.8: Effect of approximation width on the Sobel
accelerator in terms of throughput, processing time,
PSNR, and SSIM [12].

across the evaluated adder configurations. LUT usage
varies only within a narrow range, the FF count re-
mains largely stable except for a synthesis-related in-
crease in the 4-bit configuration, and DSP and block
random-access memory (BRAM) usage remain un-
changed. At the kernel level, LUT usage increases
only moderately before stabilizing, while BRAM con-
sumption remains constant. These results suggest
that approximate arithmetic has a limited impact on
the overall resource profile of the system.

Compared with the exact baseline, corresponding
to 0-bit approximation, increasing the approximation
width up to 7 bits improves throughput from 220.75
FPS to 357.14 FPS and reduces latency from 4.53
ms to 2.8 ms [12]. However, image quality decreases
progressively as the approximation width increases
beyond moderate levels. The 3-bit approximate de-
sign provides a balanced operating point, achieving a
PSNR of 22.43 dB and an SSIM of 0.9532, while still
reaching 357.14 FPS and 2.8 ms latency. Therefore,
the 3-bit configuration represents the best reported
trade-off in this design space, with 357.14 FPS, 2.8
ms latency, 0.164 W power consumption, 22.43 dB
PSNR, and 0.9532 SSIM.

Figure 9 compares qualitative Sobel outputs gen-

Fig.9: Qualitative Sobel outputs produced by the
CPU, exact FPGA, and approximate FPGA imple-
mentations [12].

erated by the central processing unit (CPU), exact
FPGA, and approximate FPGA implementations. In
the comparison, the exact FPGA output provides
the closest match to the selected reference output.
In contrast, the approximate FPGA output retains
the dominant contours and salient structural fea-
tures with limited artifacts around weak edges. The
CPU result should be interpreted only under the spe-
cific implementation, precision, and threshold set-
tings used in the experiment; it should not be taken
as evidence that CPU-based execution is inherently
less accurate. Under these settings, the approximate
FPGA design preserves the main edge information
while improving throughput and energy efficiency.
This comparison indicates that selective approximate
arithmetic can preserve the functionally important
content of the edge map. Although the approximate
Sobel design does not reproduce every weak detail ex-
actly, it retains the dominant geometric information
required for practical embedded vision.

Table 3: System-Level Comparison of CPU, Exact
FPGA, and Approximate FPGA Sobel Implementa-
tions [12].

Metric
FPGA

CPUApproximate Exact
computation computation

PSNR (dB) 22.43 40.00 11.3
SSIM 0.9532 1.0000 0.397
FPS 357.14 220.75 0.0717

Latency (ms) 2.8 4.53 13928.65
FPS/W 2177.6 1206.3 0.026

Power (W) 0.164 0.183 2.72

Table 3 compares the Sobel implementations at
the system level [12]. The 3-bit approximate FPGA
achieves 357.14 FPS, 2.8 ms latency, 0.164 W power,
and 2177.6 frames per second per watt (FPS/W).
The exact FPGA achieves higher image quality, with
PSNR of 40 dB and SSIM of 1.0, but lower perfor-
mance at 220.75 FPS and 4.53 ms latency, together
with higher power consumption. The CPU baseline
exhibits lower image quality, lower throughput, sub-
stantially higher latency, and lower energy efficiency
than the two FPGA implementations. These results
indicate that the approximate FPGA occupies the
most favorable efficiency-performance region among
the three evaluated platforms. The hardware over-
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head is also limited: the approximate version uses
6309 LUTs and 8328 FFs, compared with 6291 LUTs
and 8302 FFs for the exact design, with no increase
in DSP, look-up table random-access memory (LU-
TRAM), or BRAM usage [12]. The study reports
that dynamic power is about 10% lower than that of
the exact FPGA. This suggests that selective approx-
imation is a practical optimization for Sobel-based
embedded vision when the approximation width is
chosen carefully.

Table 4:  FPGA resource utilization comparison for 
exact and approximate adders [12].

Resource
Approximate Exact

Available
adder adder

LUTs 6309 6291 53200
FFs 8328 8302 106400
DSP 9 9 220

LUTRAM 683 683 17400
BRAM 3 3 140

Table 4 compares the system-level FPGA resource
utilization of the exact and approximate Sobel ac-
celerators. The approximate design introduces only
small overheads in LUT and FF usage, approximately
0.29% and 0.31%, respectively, compared with the
exact FPGA implementation, while DSP, LUTRAM,
and BRAM consumption remain unchanged. Thus,
the main benefit of approximation in the Sobel branch
is not area reduction at the system level, but im-
proved throughput and energy efficiency with limited
additional hardware cost.

Finally, Table 5 compares the framework with rep-
resentative FPGA-based edge-detection designs from
the literature [31]. A key distinction becomes clear.
Designs that remain in conventional fixed-point or
multiplier-based arithmetic can still obtain worth-
while gains through approximation, but their arith-

metic structure remains fundamentally multi-bit and
MAC-oriented. In contrast, the Prewitt branch of
the present framework eliminates multipliers through
binary reformulation, producing larger reductions in
LUT count, DSP usage, dynamic power, and timing
cost. The Sobel branch addresses a different case: be-
cause full binary reformulation is less natural, it ap-
plies approximation selectively in the accumulation
path and thereby improves throughput and energy
efficiency with only modest hardware overhead. The
framework should therefore not be interpreted as a
single architecture optimized for all kernels. Rather,
it is a methodology for assigning arithmetic style ac-
cording to kernel properties. Within the scope of
the previous studies, this methodology combines area
reduction, DSP elimination, lower power, improved
timing, and acceptable output quality within one co-
herent design approach.

5. CONCLUSION

This study presented a kernel-aware arithmetic-
selection framework for energy-efficient FPGA edge
detection. The design rule is to prioritize
XNOR–popcount-based multiplier elimination when
the kernel supports binary or bipolar reformulation,
and to apply approximate arithmetic only to resid-
ual multi-bit stages when full binary mapping is not
natural. Prewitt-like kernels whose active nonzero
taps are restricted to ±1 benefit primarily from
XNOR–popcount reformulation with zero-tap mask-
ing, which reduces LUT and FF usage, eliminates
DSP use, and preserves the dominant edge struc-
tures observed in the qualitative comparisons. In con-
trast, Sobel-like mixed-coefficient kernels benefit from
a hybrid datapath that combines shift-add process-
ing with selective approximate accumulation. In the
Sobel implementation, the 3-bit approximate config-

Table 5: Comparison with representative arithmetic optimizations relevant to FPGA edge-detection pipelines.
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uration achieves 357.14 FPS, 2.8 ms latency, 0.164 W
power, 22.43 dB PSNR, and 0.9532 SSIM. These re-
sults support the use of kernel-aware arithmetic selec-
tion as a practical methodology for matching datap-
ath structure to kernel properties in low-power FPGA
edge-detection designs.
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