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Abstract—As Convolutional Neural Networks (CNNs) continue
to grow in complexity and accuracy, their deployment on
embedded platforms requires hardware-aware optimizations to
meet stringent constraints on logic resources, power, and latency.
FPGAs offer an attractive solution because of their parallelism,
reconfigurability, and energy efficiency. However, conventional
FPGA design flows remain time-consuming and often lack early-
stage estimation capabilities. This work introduces a library
of parameterizable Intellectual Properties (IPs) for convolution,
activation, and pooling, developed in VHDL and optimized for
fixed-point arithmetic. IPs were designed to address various
architectural trade-offs involving logic usage, DSP allocation
strategy, parallelism, and power efficiency, while also supporting
faster development through modular reuse. To accelerate design
space exploration, a methodology is proposed for generating
predictive mathematical models capable of estimating key FPGA
resource metrics as functions of input bit widths. The models
were validated with low prediction errors and coefficient of
determination (R2) values greater than 0.94, allowing accurate
estimation of the resources and dynamic power without synthesis.
This supports fast architectural decisions and paves the way for
automated, resource-aware CNN deployment on FPGAs.

Index Terms—CNN, FPGA, Mathematical Modeling, Resource
Dimensionin

I. INTRODUCTION

Convolutional Neural Networks (CNNs) are widely used
in computer vision, natural language processing, and other
machine learning tasks. To meet increasing complexity and
computational demands [1] [2], CNNs are often deployed
on GPUs for their parallelism and mature software support,
although power usage limits them in energy-constrained sce-
narios. CPUs are accessible and easy to program, but lack
parallelism and bandwidth. ASICs offer high efficiency and
performance for specific tasks, yet have high development
costs and no reconfigurability [3] [4] [5]. FPGAs balance
parallelism, efficiency, and reconfigurability, making them
suitable for embedded CNNs, though development typically
requires low-level languages. Toolchains and abstraction layers
can ease development, albeit reducing fine-grained control.

Recent studies have targeted the optimization of CNN
deployments on FPGAs. For instance, Xu et al. [5] proposed
a DSE model to estimate resource usage, enabling dynamic
reconfiguration, while Kokkinis et al. [10] developed a high-

level hls4ml-based model to predict MLP resource consump-
tion. Li et al. [6] apply DSE to identify computation-intensive
regions and propose optimal partitioning strategies to reduce
energy. Shi et al. [7] address limited hardware by dynamically
reconfiguring FPGA regions. Shao et al. [1] combine INT8 and
INT16 quantization with systolic arrays to improve energy effi-
ciency. Fuketa et al. [8] avoid DSPs by combining INT8 with
residual vector quantization and dot-product approximation.
Gundrapally et al. [9] describe an ultra-low-power accelerator
for deep learning, emphasizing energy-aware design.

Despite optimization strategies and metrics for resource es-
timation, many FPGA-based CNN implementations still suffer
from unbalanced resource usage. Design efforts often prioritize
logic reduction, throughput, or power savings, while propor-
tional utilization is overlooked, leading to overuse of some
resources and underuse of others. Networks are frequently
mismatched with the target FPGA, causing either underuti-
lization or saturation. Moreover, early-stage power estimation
is uncommon, and the development flow remains complex,
requiring hardware expertise and lengthy synthesis, placement,
and routing phases that hinder design space exploration.

To address these limitations, a reusable IP library was
developed in VHDL for convolution, activation, and pooling,
featuring parameterizable options to support diverse scenarios.
Development time can be reduced while high performance
is maintained through the reuse of these IPs. In addition, a
predictive modeling framework was introduced to estimate
resource and power consumption, from CNN parameters,
enabling network adaptation to available FPGA resources
or supporting platform selection. Although this study em-
ployed the Xilinx Zynq UltraScale+ ZCU104 and Vivado,
the methodology is tool-independent and adaptable to other
technologies, enabling improved design strategies and more
efficient resource allocation in CNN deployment.

II. FPGA HARDWARE PLATFORM

FPGAs provide a versatile and efficient platform for imple-
menting both logical and arithmetic operations. Their archi-
tecture is based on configurable logic blocks, which include
Look-Up Tables (LUTs), which can be optimized for combina-
tional logic (LLUTs) or for local storage (MLUTs), flip-flops



(FFs) for data storage and synchronization, and a network of
multiplexers that enable flexible routing and interconnection.

To support high-speed arithmetic, carry chain structures
(CChains) are employed to propagate carry signals efficiently
between adjacent logic elements, significantly accelerating
addition and other arithmetic operations.

Memory resources are also varied and include Block RAM
(BRAM) for centralized storage, UltraRAM for higher capac-
ity and bandwidth, and distributed memory, which offers low
latency storage close to the computation units.

Finally, Digital Signal Processing (DSP) blocks are dedi-
cated hardware units designed to perform complex operations,
such as multiplication and accumulation, with high precision.

Since FPGA architectures and resource distributions vary
across models, families, and manufacturers, a thorough un-
derstanding of these characteristics is essential to effectively
tailor implementations and maximize hardware utilization.

III. IP LIBRARY FOR CNN COMPONENTS

To streamline CNNs deployment on FPGAs, a VHDL-
based library of parameterizable IPs was developed. It includes
convolution modules with fixed-point arithmetic, serial loading
of 3×3 kernel coefficients stored locally to save memory,
and parallel data input for higher throughput. The library
also includes modules for ReLU, ReLU6, MaxPooling, and
AveragePooling. To improve adaptability across FPGA archi-
tectures, multiple versions of convolution and pooling IPs were
designed using distinct coding strategies, providing a range of
resource footprints suited to various design constraints. Table I
summarizes the key characteristics.

TABLE I
CHARACTERISTICS OF DEVELOPED IPS.

IP DSP
Usage

Logic
Usage

Key Features

Conv1 None High Only logic and Carry Chains;
one convolution at a time.

Conv2 1 DSP Low It reduces the use of logic;
one convolution at a time.

Conv3 1 DSP Moderate Two parallel convolutions;
limited up to 8-bit operands.

Conv4 2 DSPs Moderate Two parallel convolutions;
each using a single DSP.

ReLU None Low Only logic and Carry Chains.
ReLU6 None Low Only logic and Carry Chains.
MaxPooling None Low It performs comparison using
2x2 and 3x3 only logic and carry chains.
AvgPooling None Low It uses shift operation instead
2x2 of division.
AvgPooling None Moderate It uses shift operation instead
3x31 of division.
AvgPooling 1 DSP Low It uses DSP to reduce logic
3x32 usage.

IV. FRAMWORK FOR PREDITING MODELS

This section presents the framework used to construct
predictive models for estimating the FPGA resource and power
consumption from CNN IP configurations. The methodology is
summarized in Fig. 1, which describes the modeling process.
Each step plays a key role: synthesis-based data collection

captures resource usage across configurations; data analysis
reveals trends and correlations; regression fitting generates
predictive equations; and validation ensures model accuracy.

Fig. 1. Methodological Framework.

A. Synthesis-Based Data Collection
For the convolution functions, 196 configurations were used,

generated by varying the data and coefficient widths from
3 to 16 bits, and for the IPs of the activation and pooling
functions, the input bit widths were varied from 3 to 16 bits,
resulting in 14 configurations. Synthesis was performed using
Vivado 2024.2 on the Zynq UltraScale+ ZCU104 platform
at 200MHz, and resource usage metrics, including LLUT,
MLUT, FF, CChains, DSPs and dynamic power consumption,
were recorded for each configuration and IP type. These
measurements are specific to the target FPGA family and may
vary with different architectures or synthesis tools.

B. Data Analysis
Pearson’s correlation was employed for its simplicity and

interpretability to capture linear relationships between data and
coefficient widths and resource usage. Most convolution IPs
exhibited strong correlations, with LLUT and MLUT values
above 0.65, indicating that the input size significantly affects
logic and memory utilization. FF usage also showed a strong
dependence with coefficient size. In contrast, Conv3 showed a
lower correlation (0.497), suggesting a non-linear relationship
likely caused by internal DSP parallelism. For the remaining
CNN functions, the correlation between input width and LLUT
usage exceeded 0.91. These results inform model selection, as
strong correlations favor polynomial fitting, whereas weaker
ones suggest nonlinear or piecewise approaches.



C. Model Construction

For this work, the usage of LLUTs was selected as the target
variable due to their central role in combinational logic, their
strong correlation with other resources, and their ability to
reflect overall usage. Polynomial regressions [11] were applied
to IPs whose resource usage was linearly correlated with input
sizes, while a piecewise regression was used for IPs Conv3,
ReLU6 and MaxPooling 3x3.

Fig. 2 shows the scatter plot of the LLUT consumption for
all configurations of the IP Conv1, along with the surface
generated from the obtained model, where d and c correspond
to the number of data bits and coefficient bits, respectively.
For Conv2 and Conv4, similar behaviors were observed, and
the corresponding models are given in Equations 1 and 2. The
piecewise model used for Conv3 is shown in Fig. 3.

Fig. 2. LLUTs surface adjustment - Conv1.

Fig. 3. LLUTs surface adjustment - Conv3.

Conv2 : LLUTs = 17.053 + 0.476d+ 0.516c (1)

Conv4 : LLUTs = 20.886 + 1.004d+ 1.037c (2)

Figures 4 and 5 illustrate polynomial regression models
fitted to the LLUT consumption data of the remaining CNN
functions. These plots are two-dimensional, since only the
input data width is varied, and first-degree polynomials were
sufficient in all cases. For ReLU6 and MaxPooling3x3,

Fig. 4. LLUTs adjustment - Activation operations.

Fig. 5. LLUTs adjustment - Pooling operations.

piecewise regression was adopted due to observed disconti-
nuities, likely caused by the internal structure of the LLUTs.

The dynamic power consumption pattern for the IP Conv1
is illustrated in Fig. 6. Four consumption levels , ranging from
1 to 4 mW, each grouping a subset of IP configurations. In
this case, polynomial regression was used to determine the
threshold between levels. When the output of the function
reaches or exceeds 0.5, it indicates a transition from one
consumption level to the next. For example, if f(d, c) ≥ 0.5,
the consumption changes from 1mW to 2mW.

Fig. 6. Power consumption - Conv1.



For Conv2 and Conv3, the dynamic power remains constant
in all configurations at 2mW. For Conv4, two levels occur,
3mW and 4mW, with thresholds defined by Equation 3. For
the remaining IPs, the dynamic power consumption remained
constant for all configurations. ReLU, ReLU6 and MaxPooling
consumed less than 1mW, Average Pooling 2×2 consumed
1mW, while both 3×3 versions consumed 2mW.

Conv4 : f(d, c) = −0.0036d2 − 0.0024c2 + 0.0005dc

+ 0.1241d+ 0.119c− 1.1894 (3)

Note that the developed models apply specifically to the Xil-
inx UltraScale+ family. For other FPGA families or platforms
from other manufacturers, new models must be constructed.

V. VALIDATION

Validation was carried out in two stages: first, by predicting
resource consumption for the convolutional, activation, and
pooling layers of an arbitrary 8-bit CNN architecture; and
second, by evaluating the accuracy using performance metrics.

A. Resource Consumption Predictions

Table II demonstrates how the models assist in selecting
CNN IPs based on available FPGA resources. Different IP ver-
sions for the same function present distinct resource footprints,
allowing better adaptation to hardware constraints. For the
CNN architecture example, the difference between predicted
and actual values was under 1.3% for most resources. The
exception was the use of CChain, with a deviation of 9.5%,
still acceptable for early-stage estimation.

TABLE II
ESTIMATED RESOURCE USAGE FOR ARBITRARY CNN LAYERS.

Layer IP Used #
IPs

LLUT FF CChain DSP Power
(mW)

Conv1 Conv1 8 834 427 74 0 8
Activ1 ReLU 8 29 56 0 0 2
Pool1 Max2x2 8 57 88 8 0 2
Conv2 Conv3 8 288 246 0 8 16
Activ2 ReLU6 16 70 107 0 0 4
Pool2 Avg2x2 16 192 208 32 0 16
Conv3 Conv2 32 799 685 0 32 64
Activ3 ReLU 32 118 224 0 0 8
Pool3 Max2x2 32 228 352 32 0 8
Total — — 2615 2393 146 40 128
Error — — 1.25% 1.29% 9.5% 0% 0%

B. Performance Evaluation of the Predictive Models

The accuracy of the models was assessed using the Root
Mean Square Error (RMSE), Mean Absolute Error (MAE),
Coefficient of Determination (R2), and Mean Absolute Per-
centage Error (MAPE). Each model was initially fitted with
a first-degree polynomial, with the degree increased up to 4
if R2 was below 0.9, ensuring that the model reflected actual
behavior. Table III shows high R2 values and low errors for
LLUT predictions. All models achieved R2 over 0.94 and
MAPE less than 8%, confirming their effectiveness for early
estimation of FPGA resource and power consumption.

TABLE III
ERROR METRICS FOR ZYNQ ULTRASCALE+ ZCU104 LLUT MODELS.

IP MSE MAE R2 MAPE (%)
Conv1 16.244 3.054 0.997 3.038
Conv2 0.498 0.538 0.941 2.134
Conv3 0.00 0.00 1.00 0.00
Conv4 0.379 0.518 0.989 1.342
ReLU 0.061 0.243 0.985 7.38
ReLU6 0.141 0.311 0.996 7.93
MaxPooling 2x2 0.086 0.266 0.980 3.80
MaxPooling 3x3 0.064 0.244 0.979 2.68
AvgPooling 2x2 0.053 0.146 0.996 1.51
AvgPooling 3x31 1.833 1.050 0.980 4.66
AvgPooling 3x32 0.00 0.00 1 0.00

VI. CONCLUSION

This work introduced a library of parameterizable CNN IPs
developed in VHDL and a predictive modeling framework to
estimate FPGA resource and dynamic power consumption.
The IPs provide flexibility to match the heterogeneous ar-
chitectures of the Xilinx UltraScale+ family. Polynomial and
piecewise regression models achieved R2 over 0.94 for LLUT
usage and dynamic power, enabling early-stage estimation to
guide IP selection, optimize resource utilization, and reduce
synthesis iterations. Future work includes expanding the IP
library with new CNN functions, generalizing the models
to support other FPGA vendors, incorporating factors like
operating frequency, and integrating the modeling flow into
an automated toolchain for resource-aware CNN deployment.
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