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ABSTRACT

Odor identification systems play an important role in food safety applications, herbal authentication, and
portable sensing devices. These systems help identify the essential properties of natural organic substances
with fast processing speed, low power consumption, and high accuracy. Traditional odor analysis methods
provide precise detection and structured gas sensor measurements, yet they involve high computational
cost, large architectures, slow data inference, and limited suitability for FPGA- and embedded system-
based real-time applications. Furthermore, traditional Convolutional Neural Network (CNN) architectures
generally require multiple convolutional layers, large memory resources, high hardware utilization, and
increased classification latency, making them unsuitable for low-power applications such as odor
identification and character recognition. Therefore, the proposed Depthwise Separable Convolutional
Neural Network (DWS-CNN) was specifically developed for low-power applications using a 26x26 input
window size. The proposed architecture acquires 676 samples every 65.36 ps at a frequency of 100 MHz. In
addition, it classifies odor identification data from various herbal and organic datasets using multiclass
dense classification with a 3x3 window size. The proposed model simultaneously predicts and classifies 12
different sensing values from 50 distinct categories. The entire architecture was implemented in Verilog
HDL and functionally verified using Modelsim. The design was synthesized on an Artix-7 FPGA, achieving
a low power consumption of 0.362 W and a latency of 4.146 ns, demonstrating its suitability for real-time
odor identification applications.

Keywords-odor identification; multiclass dense classification; Convolutional Neural Network (CNN); herbal

and organic datasets

I.  INTRODUCTION

Odor identification has become an important technology in
modern sensing applications, especially in food safety, herbal
authentication, environmental monitoring, industrial quality
inspection, and portable healthcare systems [1-3]. These
applications depend on the accurate detection of Volatile
Organic Compounds (VOCs), where electronic nose platforms
mimic human olfactory perception using combinations of gas
sensors [4-7]. Compared to traditional chemical laboratory
methods, electronic nose systems are compact, inexpensive,
and capable of operating continuously without specialized
equipment [8]. Their ability to transform complex gas
signatures into measurable electronic patterns makes them
suitable for handheld devices with the help of the Internet of

Things (IoT) platform and embedded monitoring systems [1,
9].

However, Convolutional Neural Network (CNN)
architectures with numerous convolution and pooling layers,
deeper networks, wide filter sizes, and fully connected layers
generally result in higher inference time and computational cost
[10, 11]. In odor analysis, gas sensors exhibit slower chemical
dynamics, cross-sensitivity, and environmental dependency,
requiring algorithms that process large segments of temporal
data [12, 13]. As a result, real-time classification becomes
challenging, especially when the number of odor categories
increases [14, 15]. Many existing odor classification
approaches rely on deep CNNs with high computational
complexity and large memory requirements, making them
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unsuitable for low-power embedded platforms such as FPGA-
based electronic nose systems [16]. This limitation represents
the primary motivation for the present research. Furthermore,
traditional odor identification systems rely on one-dimensional
CNN (ID-CNN) or deep two-dimensional CNN (2D-CNN)
frameworks with thousands of parameters, which require
significant hardware resources for practical deployment [17-
19]. Recent studies have shown that Depthwise Separable
Convolutional  Neural = Networks (DWS-CNNs) can
significantly reduce model complexity while preserving
classification performance in resource-constrained applications
[20]. Hence, a lightweight and low-power odor identification
system capable of classifying natural organic and herbal
substances was designed using a minimal set of sensing inputs,
reduced computational complexity, and a hardware-friendly
CNN architecture.

A DWS-CNN is specifically designed for low power odor
identification [19]. This system uses a compact 26x26 input
representation derived from odor sensor datasets and applies
depthwise convolution, pointwise convolution, and max-
pooling to downsample the data [21]. By compressing the
spatial dimension from 26x26 to a 3x3 window, the model
removes unnecessary operations while preserving essential
features from the 12 sensing channels. This approach
eliminates heavy convolution blocks and reduces the reliance
on large fully connected layers. Furthermore, the classification
stage uses a compact multiclass dense layer on a 72-bit
flattened vector, enabling fast hardware execution.

The proposed architecture is carefully structured to ensure
low computational cost, reduced memory transactions, and
compatibility with FPGA design methodologies. The novelty
of this work lies in the design of a low-power depthwise CNN-
based downsampling approach tailored for odor identification
of natural organic substances [22]. Traditional CNNs employ
wide filters and deep layers with extensive kernel
multiplications, whereas the proposed model reduces the
number of layers and kernel multiplications and adopts an
efficient hierarchical max-pooling approach to reduce the
feature size from 26x26 to 3x3. Additionally, this design
minimizes line buffer usage, using First-In First-Out (FIFO)
memory operations for efficient kernel multiplication and max-
pooling processing [23]. This design reduces the number of
convolution operations and ensures a balanced implementation
that fits the constraints of modern low-cost FPGAs [24]. The
proposed method extends beyond conventional VOC or herbal
medicine detection by classifying a wide range of natural
organic categories [25]. Compared to previously reported
studies, this model achieves faster inference time, controlled
hardware utilization, lower power consumption, and minimal
latency for real-time processing of multidimensional sensor
inputs, contributing to a practical solution for handheld,
portable, and embedded odor classification systems [26].

II. EXPERIMENTAL DESIGN AND ARCHITECTURE

This proposed odor identification system employs a
lightweight DWS-CNN specifically designed for low-power
hardware execution on FPGA devices [17]. The novelty of this
work lies in operating the CNN with a compact 26x26 window
size, which takes input from odor sensor datasets and extracts

spatial odor features using an energy-efficient convolution
mechanism. In contrast to conventional CNNs that apply a full
3x3 kernel across all channels, the proposed CNN architecture
separates spatial filtering and channel projection into depthwise
and pointwise convolutions. This method significantly reduces
the number of multiplications, memory transfers, and
intermediate feature computations, making the architecture
suitable for real-time embedded odor analysis.

By using multisensory gas sensor analysis for odor
identification, 12 sensing parameters were included for
chemical gas indices such as NO:, C:HsOH, VOC, CO,
alcohol, LPG, benzene, and environmental factors such as
temperature, pressure, humidity, gas resistance, and altitude.
Each parameter is processed through an independent 26x26
CNN, where the feature map is gradually reduced from 24x24
to 12x12, 6x6, and finally 3x3 through depthwise convolutions
supported by large 6x6 max-pooling operations. The use of
large max-pooling windows enables aggressive spatial
compression with minimal computational cost while preserving
dominant odor signatures. The Rectified Linear Unit (ReLU)
activation function ensures nonlinearity, numerical simplicity,
and supports FPGA-friendly fixed-point data paths.

After feature extraction, the 12 3x3 outputs are flattened
into a compact 72-bit vector, which serves as the input to a
lightweight dense classifier. This classifier performs multiclass
odor prediction across natural organic substances such as
almond, broccoli, cloves, ginger, and kiwi. By utilizing a small
72-bit dense layer instead of a large fully connected network,
the architecture minimizes the usage of registers, Lookup
Tables (LUTs), and Block Random Access Memory (BRAM),
thereby enabling efficient hardware deployment.

A. Odor Sensor Extraction

The odor identification pipeline begins with the acquisition
of multi-channel gas sensor signals obtained from the SmellNet
Herbal and Organic Dataset, which is available at the MIT
Media Innovation Repository  (https://github.com/MIT-
MI/SmellNet) [14]. This dataset provides 12 sensing
parameters for each odor sample from more than 50 categories.
These parameters collectively form the chemical and
environmental signature of organic substances such as
almonds, broccoli, and so on. Each channel produces a time
series of raw integer values representing the variation in sensor
resistance or calibrated gas indices during odor exposure [27].
The parameters exhibit different signal amplitudes and
dynamic ranges, as illustrated in Figure 1, where each channel
produces an independent temporal curve [28].

To prepare the sensor data for CNN processing, a fixed
number of 676 samples are reshaped into a two-dimensional
grid array of 26x26, allowing the temporal signal to be
represented as spatial texture. As shown in Figure 2, this
transformation enables convolution filters with the support of
the line buffer technique [23]. This proposed design achieves
an efficient stride-1 convolution preprocessing method, which
uses a line-buffer-based architecture to extract a 3x3 window
from a 26x26 input for kernel multiplications without reloading
the entire image into memory. Using the image convolution
method, mapping is performed in a continuous 3x3 form,
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which is segmented into three rows with three individual pixels
each. The first row is given as (p0, pl, p2), the second row is
given as (p3, p4, p5), and the third row is given as (p6, p7, p8).
This technique efficiently reduces memory usage and ensures
real-time pixel-wise processing with a single clock-cycle
latency per shift.

BB Figure 1: Excel/CSV to TXT Converter
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Fig. 1. Sensor samples of 26x26 window size from the dataset.
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Fig. 2. Input data from the sensor array to convolution.
B. Depthwise and Pointwise Convolution with Rectified
Linear Unit

Depthwise convolution and pointwise convolution are the
core feature extraction components of the proposed odor
classification network, and together they provide an efficient
way to process each sensor channel without the heavy
computational cost of standard convolution.

In the first stage, the depthwise convolution filter processes
each gas sensor channel independently, allowing the network to
capture local spatial variations in the 26x26 reshaped data
structure. Furthermore, max-pooling is used to downsample the
feature maps from 26x26 to 3x3, resulting in a compact 72-bit
representation. This operation is important for each sensing
parameter, such as NO2, VOC, and humidity, which contribute
unique and independent odor signatures that should not be
mixed prematurely. In this way, computation is performed
separately across 12 CNN processing branches. The combined
depthwise and pointwise CNN architecture is shown in Figure
3.

By sliding a small 3x3 window across the 26x26 sensor
matrix, each window position under stride-1 convolution is
multiplied element-wise with the corresponding kernel
coefficients. This multiplication is carried out in parallel using
a fixed 3x3 multiplier array, where nine multipliers compute

nine products at every clock cycle. These products are passed
to an adder tree that sums them to produce a single filtered
output value for each window position. Here, the line buffer
plays a critical role in enabling this process; it shifts the data
into three FIFO buffers and reads them simultaneously for
multiplication. This reduces the number of memory operations
and improves depthwise convolution efficiency on FPGA
hardware. The sum of the nine products in the adder tree
completes the depthwise convolution step for each pixel
position and proceeds to the next stage of pointwise
convolution.

Original data structure

, Reshapped Deptwise Pointwise
> Sensor Array [ PPEC 1 Comoluion > Convlution
data structure

layer layer

. Dense
Classified ¢ | Mulichss %—] Flatten the Max-pooling
output 33

Classification [ayer 6x6

Max-pooling
layer 12x12

Max-pooling
layer 24x24

Fig. 3. CNN-based odor identification system architecture.
The mathematical operation of this depthwise filter per
channel is given by:

r=1 r—

AIEDY

1
m=0 n=0

X, (i+m, j+n)D (m,n) (1)

where X, e R”" is the input of k-th sensor channel,
D, eR™ is the depthwise kernel for channel k, and

Y, e R0 g the output of depthwise convolution.

This depthwise convolution output is passed to the
pointwise convolution in the second stage. It is responsible for
combining the independent spatial features extracted by the
depthwise convolution. The pointwise convolution performs
channel-wise feature fusion using a 1x1 kernel across all input
channels. It enables integration of channel information at each
spatial position without changing spatial resolution. Even
though the kernel size is small, it performs effective linear
transformations at every pixel location.

Let the input feature map be:

X = RHXWXC (2)

where H is the height, W is the width, and C is the number of
input channels.

Pointwise convolution transforms the input from C
channels to C,, output channels using a 1x1xC kernel. Each
output channel has its own weight vector and bias term.

For each spatial position (i), pointwise convolution is
defined as:
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where X(i,j,k) is the input feature value at location (i,j) in
channel k, W(k,co.) is the weight connecting input channel & to
output channel co, bar is the bias of the output channel, and
P(i,j,cou) 1s the output feature map.

The activation function is applied to introduce nonlinearity
and improve training stability by mitigating gradient saturation.
ReLU is defined as:

ReLU(x) = max(0, x) “4)

C. Operation of Max-Pooling for 6x6 to 3x3 Downsampling

Max-pooling is a downsampling operation used in CNNs to
reduce the spatial size of a feature map while preserving the
most dominant or representative values within each region. It
operates by dividing the input feature map into non-
overlapping windows and selecting the maximum value from
each window [29]. This operation reduces computational
complexity, lowers memory usage, and improves robustness to
small spatial variations. Figure 4 illustrates an example of max-
pooling using a 4x4 input mapped to a 2x2 and then to a 1x1
representation, where the pooling window slides across the
feature map. At each step, the pooling operation extracts a local
region, and the output corresponds to the maximum value
within that region [30].

34 28 55 67 98 21

49 15 42 53 78 23

94 20 35 67 92 95

49 | s5 ===
| 94 |

10 29 20 55 38 20 E:>

8 19 27 20 59 31

4 6 17 21 20 30

Fig. 4. Max-pooling operation from 3x3 to 1x1.

Let the input feature map be represented as:

X eR™Y 5)
The output spatial dimensions after pooling are given by:
=22 =Py ©6)

s s

where p is the pooling window size and s is the stride.
The max-pooling operation is defined as:
P@, j) =
max{X(ios+m,j's+n|0Sm< p.0<n<p)}

)

Figure 3 shows the CNN-based odor classification pipeline,
which employs multiple max-pooling stages [31]. After

pointwise convolution, max-pooling operations reduce the
feature maps sequentially from 24x24 to 12x12, 12x12 to 6x6,
and 6x6 to 3x3. The final 3x3 feature maps from all channels
are flattened into nine 8-bit values. Considering 12 sensing
channels processed in parallel, this results in a total feature
representation of 72 bits, corresponding to 864 intermediate
features. These values are then passed to the dense
classification block [32], where learned weights map the
compressed feature vector to the final odor class prediction.

In this odor classification system, each incoming sensor
pattern and each stored trained sample are represented as a
fixed-length binary feature vector of size N = 72 bits. This
binary representation is obtained after preprocessing and
feature extraction, enabling lightweight digital operations
suitable for FPGA deployment. The 72-bit vector is passed to a
Hamming distance-based comparator, which computes
mismatches with stored training samples. The resulting
distances are accumulated across each Hamming block to
produce a final score for the 12 sensing inputs. This process is
repeated for all categories, corresponding to 50 x 12 = 600
comparisons. The proposed pipelined architecture ensures
deterministic and low-latency hardware computation, making it
highly suitable for FPGA implementation.

III. RESULTS AND IMPLEMENTATION

The complete hardware implementation of the proposed
odor identification system was developed using Verilog HDL,
and the functional verification was performed in ModelSim.
The design was synthesized on a Xilinx Artix-7 AC701 FPGA.
A detailed comparison of hardware utilization between the
proposed natural organic odor identification system and the
herbal odor identification system reported in [17], developed
using Chinese medicinal datasets, is provided in Table I.

TABLE L COMPARISON ANALYSIS OF ODOR
IDENTIFICATION SYSTEMS
Odor identification of Odor identification of
Resource natural organic substance Chinese herbal medicine
(This work) dataset [17]
FPGA Artix-7 AC701 Arty z7-7020
LUT 34,664 53,200
FF 31,004 106,400
BRAM 138 630
Frequency (MHz) 100 100
Dataset SmellNeF Herbal and Chinese Medicinal Dataset
Organic Dataset
Total number 700 8.000
of samples
Number' of 7 50
categories
Samples per 100 12x676
category
Delay (ns) 4.146 8.924
Total power
0.362 23.265
W)

The proposed system required 34,664 LUTs, 31,004 Flip-
Flops (FFs), and 13 BRAMs, whereas the reported design
occupies 53,200 LUTs, 106,400 FFs, and 630 BRAMs. This
analysis shows that the proposed architecture reduces resource
consumption by approximately 34.8% in LUTs, 70.8% in FFs,

www.etasr.com

Aldi & Raibagkar: A Low-Power DWS-CNN-Based Downsampling Approach for Odor Identification ...




Engineering, Technology & Applied Science Research

Vol. 16, No. 3, 2026, 36305-36311 36309

and 78.1% in BRAMs. These improvements clearly highlight
the lightweight nature of the proposed system and its suitability
for embedded platforms.

The power consumption of the proposed work is 0.362 W,
making the design highly energy efficient for continuous odor
monitoring applications. The system also achieves a latency of
4.146 ns, supporting low-latency inference compared to the
larger existing method. Furthermore, Table II presents the
resource utilization of the DWS-CNN, showing how each layer
contributes to overall FPGA usage. The architecture includes
image line buffering, depthwise convolution, pointwise
convolution, and max-pooling layers, which collectively
account for most logic utilization. The total utilization is
2591% in LUTs, 0.62% in Look-Up Table-based Random
Access Memory (LUTRAM), 11.59% in FFs, 37.81% in
BRAM, and 3.13% in Global Clock Buffer (BUFG) relative to
available FPGA resources. This low utilization indicates that
the architecture still has sufficient logic capacity for extending
odor categories, adding on-chip buffering, or integrating real-
time wireless communication modules.

The timing performance of each processing block is
summarized in Table III, and Figure 5 shows the functional
verification of broccoli identification in ModelSim. The
depthwise convolution requires 26.7 ps, the pointwise
convolution requires 30.01 ps, and the max-pooling stages
require 6.25 ps and 0.85 ps for the 12x12 and 6x6 stages,
respectively. The dense multiclass classification with Hamming
distance calculation completes its operation within 1.06 ps.
Overall, the complete CNN model executes in 65.36 ps, which
satisfies real-time constraints and is suitable for continuous

odor detection applications. These timing results are well
balanced in the hardware design, involving convolution and
max-pooling stages.

TABLEIL RESOURCE UTILIZATION OF THE PROPOSED
ODOR IDENTIFICATION DWS-CNN ARCHITECTURE
Type LUT |[LUTRAM FF BRAM| 10
Image line buffer 333 3 385 1.50 57
Depthwise convolution 350 69 35 1 100
ReLU 4 0 0 0 17
Pointwise convolution 12 0 21 0 31
Max-Pooling 24x24 619 7 742 3 39
Max-Pooling 12x12 619 7 694 3 35
Max-Pooling 6x6 566 7 756 3 91
DWS-CNN (otal | 34 ¢4 | 288 | 31,004 | 138 | 250
utilization)
FPGA available resources | 133,800| 46,200 267,600 365 400
Percentage (%) 2591 0.62 11.59 37.81 | 62.50
TABLE IIL TIMING ANALYSIS AND FUNCTIONAL
VERIFICATION OF THE PROPOSED DWS-CNN MODEL
Window | Input Fm‘lctml'lal
Layer Type . . verification
size size -
timing (us)
Depthwise 3x3 26x26 26.7
convolution
Convolution Pointwise 1x1 24x24 30.01
convolution
Max-pooling 6x6 12x12 6.25
Max-pooling 6x6 6x6 0.85
Classification | Dense multiclass 3x3 72-bit 1.06
. Proposed DWS-
Total time CNN model 26x26 26x26 65.36
-y [w]
HUBMN OPE® & | Xe v N @4 B

PO [ G R R 2 I © i ¢ < R
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Fig. 5.

Functional verification of broccoli identification in ModelSim.
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IV. CONCLUSION

A lightweight Depthwise Separable Convolutional Neural
Network (DWS-CNN) for odor identification was successfully
designed and developed based on depthwise convolution and
max-pooling-based downsampling methods, achieving an
efficient, low-power odor classification system. This design is
optimized to handle a minimum number of samples per second,
enabling fast prediction of sensing results for real-time
applications. This CNN-based classification accurately
identifies herbal and organic substances across 50 categories,
each described by 12 sensing values. The complete design was
implemented on an Artix-7 FPGA, confirming the
effectiveness of the experimental results. FPGA analysis
significantly reduced the utilization of Look-Up Tables
(LUTs), Flip-Flops (FFs), and Block Random Access Memory
(BRAM) compared to the herbal odor identification system
reported in [17], which is based on Chinese medicinal datasets.

Further, the integration of multiclass dense classification
results in a lightweight architecture, which uses a 26x26 input
structure and a flattened 8x8 representation for dense
classification, ensuring balanced logic utilization, cost
efficiency, and low power consumption. This approach is well
suited for real-time odor analysis in herbal, medical, and
chemical industry applications. Future work may include
improving data security and robustness of classification, as
well as incorporating the design into a wearable and portable
platform with embedded wireless communication, supported by
a System on Chip (SoC).
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