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Abstract: Driven by economic interests, adding adulterations in chili powder is a problem which
threatens people’s health. Thanks to its nondestructive, rapid, and portable advantages, electronic
nose has more potential to be used for adulteration detection than the traditional methods. An
approach for identifying the adulterants in chili powder was proposed in this paper. Firstly, an
electronic nose system with 10 gas sensors was designed, and then the response images were drawn
based on the response signals of the electronic nose. Afterwards, gas features were extracted from
those response images by using a histogram of oriented gradients (HOG) algorithm. Finally, an
SVM-based identification model was constructed to achieve the identification of plant adulterants
in chili powder. The experimental results showed that the identification accuracy of the adulterant
categories (almond shell, red beetroot, and tomato peel) based on the HOG features could reach up to
98.3%, and the identification results for adulterant content were 94.2%, 93.3%, and 95%, respectively.
Furthermore, in order to compare the efficiency of the proposed identification approach, the widely
used model AlexNet was also investigated and discussed.

Keywords: adulterant identification; pictorial features; electronic nose; histogram of oriented gradients

1. Introduction

Chili powder is a common condiment that many people around the world enjoy eating
to enrich the flavor of foods. It is rich in substances such as capsaicin, flavonoids, and
phenols [1], which have pharmacological activities and can be used clinically for the preven-
tion and treatment of certain diseases. For example, studies have confirmed that capsaicin
has anticancer, antibacterial, analgesic, and cardioprotective effects [2,3]. Compared with
bulky foods, powdered foods are much easier for unscrupulous sellers to adulterate in or-
der to reduce the raw material costs. Currently reported adulterants in chili powder mainly
include Sudan I–IV dyes [4–7], brick powder [7,8], red beetroot [9,10], almond shell [8,11],
dried tomato peel [11], and starch [11]. These adulterants pose significant health risks to
consumers. Therefore, it is very important to identify adulterated chili powder.

In recent years, many advanced techniques have been applied in the detection of adul-
terants. For example, Khan et al. [12] investigated the adulterants in chili powder by using a
spectroscopic method. Sarkar et al. [7] used machine-learning algorithms to classify the high-
quality images of chili–brick powder adulterants. These methods showed good results in the
detection of adulterants. However, the poor portability and the high cost of the spectroscopic
equipment significantly limit its practical applications. Dhanya et al. [9] marked plant-based
adulterants in chili powder based on PCR (polymerase chain reaction) and SCAR (sequence
characterized amplified regions) analyses. This method provided excellent detection accuracy
for the adulterations with low concentrations, but it requires complex operating procedures
and specialized skills, which makes it unsuitable for rapid detection.
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Electronic nose (E-nose) is a system that can detect different odors and identify the
chemical components by optimizing its sensor array [13]. It has been widely used in the
food industry [14–16]. For example, Liu et al. [17] combined gas chromatography–mass
spectrometry with an E-nose to analyze the grinding flavor of pepper and found that the
aroma concentration of pepper ground at a low temperature was higher than the traditional
milling method. Wen et al. [18] achieved the accurate identification of fruit freshness based
on fruity aromas by using E-nose. Heidarbeigi et al. [19] found that the E-nose technique
can identify saffron with an adulteration rate higher than 10%. Therefore, as an emerging,
rapid, and nondestructive detection method, the E-nose is expected to be suitable for the
detection of adulterants in chili powder.

Extracting effective odor features from the response signals and then training models
are the two key steps for odor identification by using the E-nose. At present, the commonly
used ways to extract the odor features are time-domain features [18,20,21], frequency
domain features [22,23], curve fitting [24–26], and data compression [27,28]. However, the
effectiveness of the feature-extraction methods is affected by many factors, such as the
target gases and the application scenarios. Therefore, it needs to be specially designed for
different practical applications [13,29]. In addition, most of the current models used in the
E-nose are based on the neural network [30,31]. Although a neural network model can
achieve a high identification accuracy, it inevitably takes a relatively long computational
time. This shortcoming limits its implementation in rapid identification and its application
on portable devices [24,32].

In this paper, an E-nose system was firstly designed and used to detect the botanical
adulterants in chili powders. The odor features were then extracted by using the HOG
algorithm based on the visualized E-nose response signals. Finally, an identification
approach was proposed to identify the different adulterants (almond shell, red beetroot,
and tomato peel) and their contents in chili powders. In order to compare the efficiency of
the proposed identification approach, the current widely used method AlexNet was also
investigated and discussed.

2. Theory and Methodology

Figure 1 illustrates the flow chart of the proposed approach for the identification of
adulterants in chili powder. It consists of three main processes: E-nose data acquisition, odor
feature extraction, and the adulterant identification model. The odor response data of chili
powder containing different adulterants are firstly acquired by using the E-nose system. An
odor feature dataset that contributes to the classification and identification of adulterants
is then extracted based on the HOG algorithm. Finally, the SVM-based identification
model is trained using the constructed dataset to realize the identification of adulterants.
Because there is inevitable noise in the E-nose original response signals [13,18,24], in order
to facilitate the feature extraction and improve the identification accuracy, noise reduction
and filtering is conducted during the data acquisition process.
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Figure 1. Flowchart of the proposed identification method for chili powder adulterants.
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2.1. Odor Feature Extraction Based on HOG

Inspired by the application of image features in computer and engineering science [33,34],
this paper proposed an odor feature extraction method based on the HOG algorithm. Firstly,
the response images are drawn according to the E-nose response signals, and then the image
features are extracted by using the HOG algorithm, as illustrated in Figure 2.
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Firstly, the horizontal gradient value Ga(x, y) and the vertical gradient value Gb(x, y)
are calculated by sliding the discrete derivative mask [−1, 0, 1] and [−1, 0, 1]T with the
following formulas.

Ga(x, y) =
∂I
∂x

= I(x + 1, y)− I(x − 1, y) (1)

Gb(x, y) =
∂I
∂y

= I(x, y + 1)− I(x, y − 1) (2)

where I(x, y) is the calculated pixel value of the image. The horizontal and vertical gradient
values obtained above are then used to calculate the gradient magnitude G(x, y) and
gradient direction θ(x, y) of the image.

G(x, y) =
√

Ga(x, y)2 + Gb(x, y)2 (3)

θ(x, y) = tan−1(
Ga(x, y)
Gb(x, y)

) (4)

After the abovementioned calculation, the image could be divided into small cells
with the size of m × m (m = 4, 6, 8, 10, 12). A local histogram is then created for each cell,
which contains 9 bins and its values are distributed between (0, π). Weighted voting is
subsequently performed on each bin based on the gradient magnitude.
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
Ri + G(x, y), i f θ(x, y) = π

9 i
Ri +

[
π
9 (i + 1)− θ(x, y)

]
G(x, y)

Ri+1 +
[
θ(x, y)− π

9 i
]
G(x, y)

}
, i f π

9 i < θ(x, y) < π
9 (i + 1)

(5)

where Ri (i = 0, 1, 2, . . ., 8) represents the current value of the ith bin, which is accumulated
by iterative weighted voting. Particularly, when the angle is greater than 160◦, the corre-
sponding gradient magnitudes will be accumulated in the 0th and 8th bins, respectively.

Finally, we combine n × n (n = 1, 2, 3, 4) cells to a larger block by sliding windows to
overlap 50% of the cells. The L2-norm is then used to normalize the spliced local histogram
and all the normalized results are combined to the final feature vector.

VN =
Vk√

∥V∥2 + ε
(6)

where V is the block vector to be normalized, Vk represents the kth element in the block
vector V, VN is the normalized block vector, and ε is a very small amount, which is used to
solve the problem with a denominator of zero.

2.2. Feature Dataset Construction

The organizational structure of the odor feature dataset (H) extracted using HOG
is shown in Figure 3. In order to balance the sample amount, the 90 pure chili powder
samples were randomly divided into three groups. One of the groups was combined with
the adulterated almond shell powder samples to construct the feature subsets H-ca. The
datasets H-cb and H-ct were built with the same structure as H-ca. In order to investigate
the difference between the HOG features and the original image features, feature datasets
named as I, I-ca, I-cb, and I-ct were also built by stitching the pixel values of the image into
a one-dimensional feature vector, which also have the same structure as the datasets H,
H-ca, H-cb, and H-ct.
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2.3. Identification Model of Adulterants

A support vector machine (SVM) is a supervised machine-learning technique that has
been applied to solve a variety of classification and regression tasks. It can distinguish dif-
ferent classes of data by finding a hyperplane in a high-dimensional space [35]. Compared
to neural networks, SVM does not need complex network structures and parameters and
thus its computation is much faster. SVM has shown positive experimental results in many
classification tasks combined with HOG features. The theory of a binary classification
support vector machine is as follows:

D = {(x1, y1), (x2, y2), . . . , (xN , yN)}, (i = 1, 2, . . . , N) (7)



Appl. Sci. 2024, 14, 1007 5 of 14

D denotes a dataset over the feature space, xi is the feature vector. yi represents the
category label. The SVM objective function is as follows:

min
(w, b)

1
2
∥ω∥2 (8)

s.t. yi(ω·xi + b)− 1 ≥ 0 (9)

where ω represents the normal vector to the hyperplane that separates the two different
classes, and b is the bias. SVM can solve multiple classification problems by establishing
multiple binary classification models. In this paper, the multi-classification SVM model
was established based on several ‘one-vs-one’ models.

3. Experiment
3.1. Materials

According to currently reported adulterants in chili powder and the sensitivity of our
home-made sensors, three adulterants, tomato peel powder, red beet root powder, and
almond shell powder, were studied in the current work. The raw material chili powder
was produced in Nanchong region of China. The three vegetable adulterants (tomato
peel powder, red beet root powder, and almond shell powder) were from the regions of
Jiaozhou, Changchun, and Chengde of China, respectively. The experimental samples
were prepared by adulterating the three adulterants with different mass percentages in the
pure chili powder. The content range of the adulterants was set between 0% and 45%. The
details of the samples are listed in Table 1.

Table 1. Category and content of adulterant in chili powder.

Sample Name Chili Powder
(wt%)

Adulterant and Its Content
(wt%)

C-pure 100 --
C-A15 85 Almond Shell Powder, 15
C-A30 70 Almond Shell Powder, 30
C-A45 55 Almond Shell Powder, 45
C-B15 85 Red Beetroot Powder, 15
C-B30 70 Red Beetroot Powder, 30
C-B45 55 Red Beetroot Powder, 45
C-T15 85 Tomato Peel Powder, 15
C-T30 70 Tomato Peel Powder, 30
C-T45 55 Tomato Peel Powder, 45

3.2. Electronic Nose System

The E-nose system used in this paper is illustrated in Figure 4. The sample container is
used to collect sufficient volatile gas of the experimental sample (its material is polyethylene
with the capacity of 1 L). The gas detection chamber is employed to place the gas sensor
array of the E-nose system (polyethylene, 0.9 L). The diaphragm pumps (Pump 1 and 2) are
used to transfer the as-detected odor and the reference gas with a fixed flow rate 1.3 L/min.
The whole experiment was carried out under the temperature of 25 ± 1 ◦C and humidity
58 ± 3%, and the laboratory ambient air was used as the reference gas.

The gas sensor array of the E-nose consists of 10 metal oxide semiconductor gas
sensors. More details of the material preparation process and the characterization of these
gas sensors have been described in the literature [24,36]. When the sensitive material of the
sensor is exposed in the detected gas, the change in its resistance value will be converted
into the corresponding electrical signal, which is collected by the personal computer with a
sampling frequency of 1 Hz. The characteristics of the gas sensors are shown in Table 2.
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Table 2. Characteristics of the gas sensors in the E-nose system.

Sensor No. Main Detected Target Gas

S1 VOCs
S2 Aldehydes, hydrogen sulfide
S3 VOCs, carbon monoxide, ammonia
S4 Benzene, methylbenzene, ethylene
S5 Aldehydes, olefin
S6 Air quality control, acetic acid, acetone
S7 Alkane, ethanol, acetone
S8 Aldehydes, ethylbenzene, methane
S9 Air quality control, hydrogen
S10 Ethanol, ammonia, hydrogen sulfide

3.3. Experimental Procedure

The whole experiment involved nine categories of adulterated samples (three adulter-
ants with three different mass percentages). In total, 30 gas data were randomly collected
for each category of sample using the E-nose. In order to balance the sample number for
the qualitative analysis, 90 gas data were collected for the pure chili sample. Therefore, a
total of 360 sample data were detected during the whole experiment. The details of the
odor data collection steps are as follows:

(i) Randomly select one sample, put it in the sample container, and wait 2 min to allow
its gas to emit and fill the container;

(ii) Turn on Pump 1 to transfer the sample odor into the gas detection chamber, and the
pumping time is set as 10 s;

(iii) Turn on Pump 2 to introduce ambient gas into the gas detection chamber for cleaning.
After all the gas sensors return to their initial states, the detection of the next sample
can be started.

4. Results
4.1. E-Nose Response Signal

Figure 5 shows the original E-nose response signals of different categories of samples.
Before the sample odor is introduced (0~10 s), as all the sensors are exposed in the ambient
air at this time, they are in their stable state. When pumping the sample odor into the
detection chamber (10~20 s), the resistance values of the gas sensors drop down quickly.
After the sample odor is cut off and the ambient gas is subsequently flushed into the
detection chamber (20~210 s), all the gas sensors could gradually return back to their
initial state. Those response behaviors indicated that the E-nose has a good sensitivity and
desorption ability for the experimental gases.



Appl. Sci. 2024, 14, 1007 7 of 14

Appl. Sci. 2024, 14, 1007  7  of  16 
 

3.3. Experimental Procedure 

The whole experiment involved nine categories of adulterated samples (three adul-

terants with three different mass percentages). In total, 30 gas data were randomly col-

lected for each category of sample using the E-nose. In order to balance the sample num-

ber for the qualitative analysis, 90 gas data were collected for the pure chili sample. There-

fore, a total of 360 sample data were detected during the whole experiment. The details of 

the odor data collection steps are as follows: 

(i) Randomly select one sample, put it in the sample container, and wait 2 min to allow 

its gas to emit and fill the container; 

(ii) Turn on Pump 1 to transfer the sample odor into the gas detection chamber, and the 

pumping time is set as 10 s; 

(iii) Turn on Pump 2 to introduce ambient gas into the gas detection chamber for cleaning. 

After all the gas sensors return to their initial states, the detection of the next sample 

can be started. 

4. Results 

4.1. E-Nose Response Signal   

Figure 5 shows the original E-nose response signals of different categories of samples. 

Before the sample odor is introduced (0~10 s), as all the sensors are exposed in the ambient 

air at  this  time,  they are  in  their stable state. When pumping  the sample odor  into  the 

detection chamber (10~20 s), the resistance values of the gas sensors drop down quickly. 

After the sample odor is cut off and the ambient gas is subsequently flushed into the de-

tection chamber (20~210 s), all the gas sensors could gradually return back to their initial 

state. Those response behaviors indicated that the E-nose has a good sensitivity and de-

sorption ability for the experimental gases. 

   

   

Figure 5. The E-nose original response signal of different categories of samples: (a) C-pure; (b) C-

A15; (c) C-B15; (d) C-T15. 

   

Figure 5. The E-nose original response signal of different categories of samples: (a) C-pure; (b) C-A15;
(c) C-B15; (d) C-T15.

4.2. Signal Pre-Processing

Due to the difference in the sensitive materials, different sensors will have different
response sensitivities to the same circumstance. The influence of environmental factors
such as temperature and humidity will cause a baseline fluctuation of the sensors [37]. In
order to eliminate these effects, we performed the following processing on the original
signal data:

Vt =
R0 − Rt

R0
(10)

where Vt is the real-time response sensitivity of the gas sensor, R0 represents the resistance
value of the sensor in the ambient air, and Rt is the real-time resistance value in the detected
gas. The response sensitivity curves of the E-nose calculated according to Equation (10) are
shown in Figure 6.
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5. Discussion
5.1. Comparison of Different Odor Features

After the data pre-processing, odor features were extracted by using the as-proposed
HOG algorithm. In order to compare the efficiency of the HOG extraction method, the
original response data and images were also directedly used as odor features for the
adulterant identification. As the three types of feature datasets are high-dimensional, their
dimensions were reduced by using the same method of linear discriminant analysis (LDA)
before employing them to train the identification model. LDA is a supervised approach
for dimensionality reduction, which is realized by minimizing the intra-class variance
and maximining the inter-class variance in a low-dimensional space [38]. It has been
successfully applied in gas identification and classification with good results [39,40].

Figures 7–9 show the visualized comparison results of sample distribution after the
dimensionality reduction by using LDA on different odor feature datasets. It can be seen
that all the feature datasets, the original response data feature, the response image feature,
and the HOG feature, can obtain a certain extent of sample dispersion. This indicates the
different adulterant categories are discriminable according to the extracted odor features.
Furthermore, the HOG feature has an obvious better classification effect than other two
types of feature datasets (see Figures 7a, 8a and 9a). For the classification of the adulterant
contents, although these three types of feature datasets do not have the same good results
as those of the adulterant categories, they still show a certain degree of separation. In
addition, the HOG feature also displayed a more obvious clustering effect than the features
extracted from the original response data and images, although there is a small amount of
overlap between the samples with different adulterant contents.
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Figure 9. LDA results for different HOG feature datasets: (a) H; (b) H-ca; (c) H-cb; (d) H-ct.
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5.2. SVM Classification Results

In this paper, the grid search method was used to search the optimal parameters of
the HOG and SVM parameters, and the mean value of the identification accuracies of
the 5-fold cross-validation was employed to evaluate these parameters. In terms of the
HOG parameters, the cell size was set as 4, 6, 8, 10, and 12, and block sizes were 1, 2, 3,
and 4. The used kernel functions of SVM were linear, polynomial, sigmoid, and radial basis
functions (RBF). The log2(C) and log2(γ) were set in the range of [−10, 10] with the interval
of 0.5. The best experimental results are summarized in Table 3. For the listed results,
it should be noted when the same identification accuracy was obtained for the different
combinations of HOG parameters, those parameters leading to the feature dataset with
the smallest size were regarded as the best combination. According to the results, it seems
that RBF performs best among all the kernel functions except on the dataset I-ca, for which
the sigmoid function obtained the highest mean accuracy of 94.2%. It can also be seen that
the proposed approach could achieve a satisfactory identification accuracy for different
categories of adulterants, which is up to 98.3%. The identification accuracy of different
adulterant content is slightly lower than that of category identification, but all the mean
values of these were higher than 93%.

Figure 10 shows the mean identification accuracies of the SVM identification mode
based on the original response data, image, and HOG features. The results also displayed
the similar trend that the three types of features obtain higher accuracy for the identification
of the adulterant categories than the content identification. The identification accuracies
based on the original response data are 86.6%, 84.2%, 83.6%, and 81.6% corresponding to
the adulterants categories, CA-content, CB-content, and CT-content respectively, which are
relatively better compared with the results for original features (8.3%, 72.5%, 73.3%, and
70.0%, respectively). It should be noted that the identification accuracies for all the HOG
features on both category and content identification are significantly higher than the other
two types of feature datasets. It can therefore be concluded that although the identification
result of the response image is lower than its corresponding initial response data, the
proposed HOG feature extraction algorithm can mine odor features that contribute more to
adulterant identification. This is because HOG could extract the key image features that
are beneficial for identification and discard the weaker features and the noise information.
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Table 3. Summary of the identification accuracy based on HOG features with different parameters.

Datasets
HOG SVM

Accuracy Std
Cell Size Block Size Kernel Functions C γ

I 10 1 RBF 32.0 0.031 0.983 0.0136
I-ca 8 2 Sigmoid 2.0 2.0 0.942 0.0204
I-cb 12 1 RBF 0.125 8.0 0.933 0.0333
I-ct 4 1 RBF 11.314 90.510 0.950 0.0486

5.3. AlexNet Identification Results

Figure 11 is the AlexNet architecture investigated in this paper, which contains five
convolutional layers (Cov), three max pooling layers (Max pooling), two fully connected
layers (Fully connected), and an output layer [41]. Relu was used as the activation func-
tion to prevent the problem of gradient vanishing in this network. The max pooling
layers were connected after Cov1, Cov2, and Cov5, and LRN (local response normaliza-
tion) was set after the layers Cov1 and Cov2. Each of two fully connected layers has
4096 neurons and randomly deactivates neurons using the dropout method for reducing
the overfitting [42,43]. The output layer contains four neurons and is used to represent the
four categories or the four contents of the adulterations. In the current study, AlexNet
network was implemented with the PyTorch (v1.13.0) deep-learning framework with the
computer system configuration details shown in Table 4.
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Figure 11. The architecture of AlexNet used to identify the adulterants in chili powder.

Table 4. Details of the system configuration for running AlexNet.

Item Parameters

CPU Core(TM) i9-12900H, 2.50 GHz
RAM 16.0 GB, 3200 MHz
GPU NVIDIA GeForce RTX 3060 Laptop GPU 6 GB
Operating System Windows 11

During the training of AlexNet, we randomly selected 80% samples from the feature
dataset as the training sub-dataset, and the remaining 20% of samples were used as the
testing sub-dataset. The size of the input image was resized to 224 × 224 pixels to match
the input requirement of the AlexNet network. The Adam optimizer performs better in
sparse data than the SGD optimizer due to it tending to fall into local optima. The Adam
optimizer can assign different learning rates to different parameters, thus increasing the
optimization speed. It therefore was chosen to be employed in the current study. The
parameters of the training process are listed in Table 5.

Table 5. Parameters that were used during AlexNet training.

Configuration Parameters

Input Image 224 × 224 Pixels, PNG
Epoch 300
Batch Size 2
Optimizer Adam (adaptive moment estimation)
Learning Rate 0.0002
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Figure 12 shows the performance comparison of the AlexNet training process on
different datasets. It can be seen that the best performance was obtained on the dataset
I with the accuracy of 96.5%, and the slightly lower accuracies of 92.7%, 94.7%, and
93.7% were run on the other three datasets I-ca, I-cb, and I-ct. The model parameters
that obtained the highest accuracy on each training dataset were also validated on each
corresponding testing sub-dataset. Table 6 shows the comparison of the identification
accuracies of HOG+SVM and AlexNet. It can be seen HOG+SVM obtained the absolute
higher identification accuracy than AlexNet on all datasets, as the identification accuracy
of the deep-learning algorithm is highly dependent on the amount of training data. If
the number of samples increased, AlexNet should express higher identification accuracy.
However, the time consumed for both training and identification process will undoubtedly
be lengthened. Furthermore, collecting more sample data also requires a lot of time. It
should be noted that due to the sample number of the dataset I being much greater than
other datasets, the training on the dataset I inevitably takes the longest time. There is
a growing demand for the E-nose to be miniaturized and portable in recent years; the
HOG+SVM approach is therefore easier to deploy on portable devices than neural network
models such as AlexNet.
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Figure 12. Performance of the AlexNet training process on different datasets: (a) I; (b) I-ca; (c) I-cb;
(d) I-ct.

Table 6. Comparison of the identification accuracies of the model HOG+SVM and AlexNet.

Datasets Identification Accuracy Identification Time

HOG+SVM AlexNet HOG+SVM AlexNet

I 98.3% 91.6% 7.24 s 11.36 s
I-ca 94.2% 83.3% 3.50 s 5.06 s
I-cb 93.3% 79.16% 3.52 s 5.58 s
I-ct 95.0% 87.50% 4.12 s 5.13 s

6. Conclusions

In this paper, the identification of the categories and contents of different adulterants
in chili powder was successfully realized by using an E-nose system and the HOG feature
extraction algorithm combined with an SVM identification model. The main results are
as follows:

(1) Extracting odor features using the HOG algorithm could increase the distinguishabil-
ity of the features, which is beneficial for subsequent pattern recognition;
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(2) Efficient identification of the adulterant could be better realized by using the as-
proposed HOG+SVM approach than with a neural network model such as AlexNet;

(3) The identification of adulterant content is relatively more difficult than the category
identification, which may be solved by improving the performance of the E-nose system.

Author Contributions: Conceptualization, Y.Z. (Yongli Zhao); methodology, P.P. and Y.Z. (Yongli
Zhao); software, P.P.; validation, P.P., F.B., Y.Z. (Yafei Zhang) and F.J.; formal analysis, P.P.; investiga-
tion, Y.Z. (Yafei Zhang); resources, data curation, P.P., F.B. and Y.Z. (Yafei Zhang); writing—original
draft, P.P.; writing—review and editing, P.P.; visualization, Y.Z. (Yafei Zhang) and F.J.; supervision,
Y.Z. (Yongli Zhao). All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are contained within the article.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Johnson, J.B.; Mani, J.S.; Walsh, K.B.; Naiker, M. Infrared spectroscopy for the quality assessment of habanero chilli: A proof-of-

concept study. Food Meas. 2023, 17, 1764–1774. [CrossRef]
2. Rollyson, W.D.; Stover, C.A.; Brown, K.C.; Perry, H.E.; Stevenson, C.D.; McNees, C.A.; Ball, J.G.; Valentovic, M.A.; Dasgupta, P.

Bioavailability of capsaicin and its implications for drug delivery. J. Control. Release 2014, 196, 96–105. [CrossRef] [PubMed]
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