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A B S T R A C T

NIRS is a spectroscopic method that propagates near-infrared waves through objects and measures
the absorbance by diffuse re"ection, users could analyze the composition information of objects
based on that. The technology has fast speed and non-destructive analysis features with relatively
simple requirements for operators, making it very friendly to non-expert users. Traditional NIRS
scanners used in research laboratories are large and expensive, while recently more and more
affordable smaller NIRS scanners are appearing, which attract more end-users to buy and use.
Besides, pairing the technology with mobile devices (smartphones, tablets, etc.) could get rid of
other professional operation problems, and bring much more possibilities to non-expert users in
realistic scenarios. We will explore one such use case in this paper with the extension of work by
(Klakegg et al., 2018), namely Smart Pillbox for elderly care. We develop a prototype solution
consisting of a hardware-software assistance to support non-expert users.

1. Introduction

Pharmaceutical identi!cation is a tough task for both trained and untrained personnel due to the large number of different medical
compounds available and the huge variety in color, shape and size. There are thousands of different pharmaceuticals available
worldwide but without global standard about properties (Hartl et al., Schmalstieg). Although computer vision for classi!cation is
developed extremely ef!cient and accurate nowadays, it does not consider objects' physical composition as an input parameter (Bohren
& Huffman, 2008). Near Infrared Spectroscopy (NIRS) has ability to get objects' inner properties in the form of a spectrum, which could
get over the shortcomings of machine vision identi!cation. (see Tables 1–3)

As the technology is developing very fast, recently some miniaturized NIRS scanners become more attractive to researchers because
of their fast and convenience features with the robust capability and accuracy. There has been a dramatic drop in cost from large NIRS
instruments in laboratories to miniaturized scanners, which enables us to consider everyday scenarios for this technology, and for the
!rst time put it in the hands of non-expert end-users. In our project, the technology pairing with smartphone is used in identi!cation of
pharmaceuticals. See a user can scan and check a pill before intake (Candolff et al., 1999), which is very helpful for their health,
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especially for elderly home medication.
The framework of our project is shown in Fig. 1. This is a hardware-software design which contains a Phone ! NIRS ! Server ar-

chitecture. Users need to connect their Android smartphone with the NIRS scanner using Bluetooth !rst, scans could be operated on the
phone after connection established. Next, users need to put a pill on the lens of scanner and press scan button of the application. After
scanning, the raw data would be saved on the phone, and the phonewill send it to our server for processing and analyzing with a series of
algorithms. The predicted result would be displayed on the phone at end, giving identi!ed results with corresponding instructions or

Table 1
Overview of pharmaceuticals collected.

Pharmaceutical Shape Brand Notes

Vitamin B2 Round Weifujia Curved surface
Vitamin B12 Round Nature's Own Curved surface
Vitamin D3 Round OsteVit-D Curved surface
Zinc Round Wagner Health Curved surface
Iron Round Cenovis Curved surface

Contain multiple vitamins
Vitamin B1 Round Nature's Own Flat surface
Vitamin C Round Nature's Own Flat surface
Tylenol Oval Tylenol Cold Curved surface

Contain Acetaminophen
Vitamin B3 Oval Nature's Own Curved surface
Calcium Oval Caltrate Curved surface
Yinhuang
Jiaonang

Oval Yangling
Bio-technology

Capsule
Contain honeysuckle and scutellaria

Amoxicillin Oval North China
Pharmaceutical

Capsule

Celery Oval Cenovis Capsule
Cranberry Oval Cenovis Capsule
Lecithin Oval Healthy Care Transparent
Fish Oil Oval Healthy Care Transparent
Krill Oil Oval Nature's Own Transparent
Vitamin C Round Weifujia Flat surface
MultiVitamin Oval Nature's Own Contain multiple vitamins
Ganmaoling
Jiaonang

Oval EASTANTAI
Pharmaceutical

Capsule
Contain multiple vitamins

Table 2
Performance evaluation of KNN.

KNN (k " 1, weight " ‘distance’)

Method Accuracy (%) Training time (s) Scoring time (s)

Preprocessing 1 83.15 0.0064 0.0184
Preprocessing 2 72.63 0.0056 0.0168
Preprocessing 3 91.99 0.0064 0.0168
Preprocessing 4 90.89 0.0120 0.0336

Table 3
Performance evaluation of SVM.

SVM (C " 0.1, gamma " 0.5, kernel " ‘poly’)

Method Accuracy (%) Training time (s) Scoring time (s)

Preprocessing 1 85.92 0.3066 0.0066
Preprocessing 2 79.84 0.3489 0.0081
Preprocessing 3 94.20 0.2106 0.0053
Preprocessing 4 94.20 0.3657 0.0121

Fig. 1. System approach overview.
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warnings. There is a simple demonstration of our work online.1

2. Related work

A good way to begin is conducting a related literature review, including the technology of object identi!cation, the principle of NIRS
with its recent matured miniaturization, in addition to the medication problems related to pharmaceuticals.

2.1. Bring NIRS into practical application

2.1.1. Object identi!cation
Object identi!cation is an important technology for !nding and identifying objects within a certain environment. Sometimes, it is

still a challenge for computer vision to accurately determine an object because of many factors (Barik &Mondal, 2010), one of the most
important limitations is not considering objects’ physical composition (Bohren & Huffman, 2008).

There are 2 cases working on pill detection based on machine vision technology. Hart et al. (Hartl et al., Schmalstieg) implemented a
smartphone application, and extracted 3 features of the pill containing size, shape and color. Many computer vision algorithms use
grayscale imagery, because the luminance is by far more important in distinguishing visual features than the color, but the application
uses color as an essential feature for more robust identi!cation, and adopted a series of algorithm based on the work of Susstrunk et al.
(Susstrunk et al., Finlayson) to reduce in"uence of light condition. Cunha (Cunha et al., 2014) proposed a similar application aimed at
elderly medication, whose algorithm was implemented based on four aspects including pill segmentation, shape matching, size esti-
mation and color determination, which paid more attention to computational burden of the algorithm. Both cases are limited to detect
external features of pharmaceuticals instead of the inner composition, which could be solved by using NIRS effectively.

2.1.2. NIRS with miniaturization
NIRS has ability to penetrate objects up to several millimeters because of the characteristics of the NIR band, thus enabling physical

composition analysis which is the advantage of using NIRS over computer vision on object identi!cation.
NIRS has been used in research !elds cross many areas (Durand et al., 2007; Dyrby et al., 2002; Lammertyn et al., 1998), one of the

most classical case is in food analysis (Osborne, 2006). However, most of the previous work has paid much attention on large and heavy
NIRS instruments in laboratories because of the lack of miniaturized NIRS scanners. The miniaturized versions for !eld use have been
developed recently, the equipment now becomes signi!cantly smaller and lighter, which encourages much more research attraction on
this area, like the work of Kosmowski (Kosmowski & Worku, 2018), Klakegg (Klakegg et al., Kostakos; Klakegg et al., 2018), etc. The
NIRS device used in the previous work of Klakegg namely DLP NIRscan Nano (T. I. I, 2017) costs under 1000 US dollars and weighs just
80 g, which is relatively affordable and portable for end-users (Fig. 2). These developments made researchers start considering bringing
the technology to customers’ life. In this project, we used DLP NIRscan Nano as well because of its robust capability.

2.2. Medication problems

Medicine counterfeiting is a serious problem of the pharmaceutical world (Gardin et al., 2016). It is estimated that around 7% of the
pharmaceuticals sold in the world are fake (Deisingh, 2005), NIRS is a good method to address the challenge of counterfeit drugs.
Klakegg (Klakegg et al., 2018) has conducted a research about medication mismanagement in a nursing center.

Fig. 2. DLP NIRscan nano optical engine (T. I. I, 2017).

1 https://www.youtube.com/watch?v"MFBuK3J0nOo
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Nowadays, lots of old people live alone and need to take lots of pills at home, they may be unable to distinguish the pills clearly with
complex packages. Cunha et al. (Cunha et al., 2014) have proposed medication identi!cation application for the elderly, which needs to
be re!ned by decreasing the usage scenario complexity and image noise according to elderly needs. As for our implementation, we want
to help them scan the pill easily and get proper feedback giving instructions by using an application. For example, the elderly might have
no good eyesight or literacy to get the words on the pill box, also they cannot distinguish between different pills, which brings risk of
danger when their children work during the day without time to take care of them. With the help of our application, children could set
the app for them in advance. Besides, it should have clear instructions with loud voice indicating whether the pill they are trying to take
is correct.

3. Data preparation

First, we established a pharmaceutical knowledge base that is designed to measure whether the performance is appropriate for
application in a realistic medical scenario.

3.1. Data collection for knowledge base

In order to conduct a thorough investigation of miniaturized NIRS propriety for pharmaceutical analysis, we collect 20 types of pills
with different physical compositions, such as content, size, shape and transparency in total shown in Fig. 3. We have included phar-
maceuticals that are visually similar in size and shape (top 2 rows in the right picture of Fig. 3), also with many capsules (the 3rd row)
and transparent pharmaceuticals (the 4th row), the purpose is to bring more challenges for a systematically analysis of miniaturized
NIRS performance.

The pharmaceuticals are divided into 3 parts as shown in the left picture of Fig. 3. Part A has all capsules and transparent pills (pill
11–17), part C contains all solid pills (pill 1–10), while part B has pill 18–20 which are held out for test. Our knowledge base just has all
samples from part A and part C. There are some challenges we hope to solve for part B in the evaluation section.

How many samples do we need for each category? Candol! collected 18 samples on average for their study (Candolff et al., 1999).
Klakegg used 20 samples for each category of pills (Klakegg et al., 2018). We decided to use 20 unique samples for each category at the
end, which results in a reasonable result, the larger training set seems to be helpless in increasing the accuracy after some tests. In
addition, we need to consider two special circumstances for better identi!cation:

# Nothing on the lens, whichmeans the object is positioned in the wrong place, this situation will be distinguishedwith other scans as a
new category.

# An inappropriate scan operation (Fig. 4), which could cause inadequate re"ection called scatter.

Consequently, the total training samples of our knowledge base come to 360 (18 categories $ 20 samples) in total.

3.1.1. Scan con!guration
Signal-to-noise ratio (SNR) and resolution are two key performance metrics for any spectrometer. As there exists a trade-off between

scan time (speed) and SNR (precision). There are 4 typical scan con!guration parameters shown in Fig. 5 (T. I. I, 2017), after some
experiments we chose parameters with the digital resolution of 228, that are very close to the left column in 8-nm Content because of its
balanced performance.

3.1.2. Scan operation
The pharmaceuticals are stored in a room at about 22 %C and 45% RH, while the temperature and humidity were stable during the

data collection. Each sample was carefully aligned on a custom 3D printed sample holder (Fig. 6) and then scanned, the challenges and
user induced errors from the previous work by Klakegg (Klakegg et al., Kostakos) are fully considered. The big red arrow indicates the

Fig. 3. Overview of the pharmaceuticals selected for the study.
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correct place for putting the pill, especially for the elderly who has poor eyesight, while the small black lid should be put on the pill,
blocking the ambient light which will in"uence the scan quality as well. A total of 360 (18 categories$ 20 samples) spectra were collected
at end, each spectrum has 228 absorbance values.

3.2. Preprocessing for the raw data

Data preprocessing is an essential step to build most types of calibration models in NIR analysis. There was a review of the most

Fig. 5. Typical scan Con!guration parameters.

Fig. 4. Inappropriate operation of scatter scan. The curved surface is put on the lens of scanner.

Fig. 6. From top-left to bottom-right: Scan process using DLP NIRscan Nano with a power bank.
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common preprocessing techniques for NIR spectra (Rinnan et al., 2009).
Klakegg et al. have implemented and compared 3 ways of preprocessing combinations (Klakegg et al., 2018), the combination of

Savitzky-Golay smoothing, derivatives and SNV scatter correction seems to be the best combination. Our initial attempt is applying the
smoothing !lter with SNV !lter as they are fast and ef!cient algorithms that moderately change the nature of the data, we just abandon
the derivatives for achieving higher accuracy, which can be proved in the next chapter. Besides, we would like to make a little revision
adding more features to the original band. We used differentials function to generate more features that calculate the n-th discrete
difference given by (added[n] " original[n!1] - original[n]), the length will be 1 less than before, which in our is 227, thus the total
number of features becomes 455 (original with 228 ! added with 227). The added features could re"ect the attribute of neighbour with
moderately change, that increases the difference among different spectra. The comparison between the two approaches is shown in
Fig. 7. We see that most differential parts are relatively gentle, but the spectra of Fish Oil and Lecithin amplify an obvious difference
around the 228th point because of their transparent feature. There is no right answer to the best preprocessing solution, that we need to
explore these two combinations to determine which produces a better performance for miniaturized NIR spectroscopy data in the next
part with machine learning algorithms.

4. Data analysis using machine learning

It is vital that the predicted output of the classi!er should be accurate to avoid medication error. We analyzed based on K-Nearest
Neighbors (KNN), Support Vector Machine (SVM), and Random Forest (RF) from scikit-learn in Python for achieving a fast and robust
model. The comparison in the later sections will be conducted among the following alternative combinations of preprocessing methods:

# Preprocessing 1: Savitzky-Golay smoothing, !rst derivatives and SNV scatter correction.
# Preprocessing 2: Savitzky-Golay smoothing, second derivatives and SNV scatter correction.
# Preprocessing 3: Savitzky-Golay smoothing and SNV scatter correction.
# Preprocessing 4: Savitzky-Golay smoothing, SNV scatter correction and differentials.

4.1. Performance evaluation and comparison

4.1.1. Evaluation and comparison on KNN, SVM and RF
The selection of parameters is important for models, after comprehensive tests and analysis, we have found appropriate parameters

for KNN, SVM and RF separately. Next, we are going to compare the performance of the three models on 4 different preprocessing
methods we talked before. As for the preliminary evaluation, we just ran 5-fold cross-validation for the mean !t time, mean score time
and mean accuracy score. All tests were running on the same lab computer.

From the results of Preprocessing 1 and 2, we can see that the derivatives in data preprocessing cannot help in improving the
performance, maybe because the process induced more noise into the original data. While Preprocessing 3 and 4 are all achieving above
90% accuracy, with the best 94.20% accuracy in SVM and RF. The computation of Preprocessing 4 is the most complicated one which
would take more time than others.

4.1.2. Evaluation and comparison on an independent test set
Since we have already evaluated each model using cross-validation, it is obvious the satisfying preprocessing method is Pre-

processing 4 above all. Now we will test them on an independent data set. Independent test sets can be used to measure generalization
performance that cannot be measured by cross-validation, e.g. the performance for unknown future cases, see pharmaceutical cases that
are measured in the future. This is important to know how long an existing model can be used for new data by some realistic factors (e.g.
instrument drift, drug volatilization). In our experiment design, we just made a new test set for evaluation. As the same condition and
procedure in data preparation, we have scanned 5 samples from each category including 5 times of the situation of nothing on the lens.
The size of the test set came to 90 (18 categories $ 5 samples).

In order to achieve a more scienti!c evaluation, we induced more metrics including precision, recall and F1 value that make the
comparison more comprehensive. The models are using the same tuned parameters as in the previous evaluations.

Table 5 shows the metrics for comparison among KNN, SVM and RF on the hold-out test set, we can see that KNN is the fastest one to
train the model, and RF could predict the result within the shortest time (see Table 4). While the time difference in model training and
scoring is not so big which would not in"uence the user experience obviously. As for the predictive power, all performances on the hold-
out test set have a big decrease from using cross-validation, which might be because time has somewhat effect on the pharmaceuticals as
well as the instrument. The experiments are not conducted at the same time, while the latter evaluation with the hold-out validation has
more practical signi!cance for the future prediction in reality. It seems that SVM among three models achieves the highest score in three
metrics (i.e., accuracy, recall and F1 value), which means it is the appropriate one.

Fig. 8 shows the performance of SVM in a confusionmatrix. It seems that ourmodel predicted well in capsules but not very effectively
in transparent pills (Fish Oil, Krill Oil and Lecithin). We still need to improve the method to overcome this challenge in the future
considering the deep model, human measurement error as well as the instrument calibration error. Generally, the identi!cation of most
pills (non-re"ective solid pills and even capsules) could get extremely high accuracy in the hold-out validation test, indicating an
expecting performance in realistic scenarios. As a result, we decided to choose SVM with Preprocessing 4 on the server side, because of
its satisfying performance in both predictive power and speed.

Y. Chen et al. Smart Health 18 (2020) 100126
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Fig. 7. Comparison between the two different preprocessing algorithms on 9 different categories, 10 samples in each category.
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4.1.3. Test set out of the knowledge base
Finally, we tested the rest 3 pharmaceuticals from part B that have not been trained for our model. Pill 18 is Vitamin C with a much

smaller size than the one in our knowledge base (i.e., pill 7), which is produced by another pharmaceutical factory in China, we want to
detect if our model is effective to identify the pharmaceuticals in challenging size and made by other factories. Pill 19 and 20 have
different proportions of ingredients from samples in our knowledge base. We ran each test on !ve test samples, the results are shown in
Table 6. Pill 19 and 20 are predicted as Iron several times, which is basically close to our assumption, because Iron has multiple vitamins
as well. Obviously, our model could successfully identify pills (Vitamin C) by different factories.

Table 4
Performance evaluation of RF.

RF (n_estimators " 100)

Method Accuracy (%) Training time (s) Scoring time (s)

Preprocessing 1 92.00 0.5650 0.0076
Preprocessing 2 87.29 0.5759 0.0075
Preprocessing 3 92.55 0.5349 0.0075
Preprocessing 4 94.20 0.7368 0.0074

Table 5
Performance evaluation of KNN, SVM and RF on the hold-out test set.

Classi!cation

Metric KNN SVM RF

Accuracy (%) 85.56 88.89 84.44
Precision (%) 87.87 87.10 80.56
Recall (%) 85.56 88.89 84.44
F1 (%) 84.02 86.84 82.13
Training time (s) 0.0069 0.2493 0.6203
Scoring time (s) 0.0269 0.0269 0.0199

Fig. 8. Confusion matrix of the classi!cation results from the hold-out test set with the use of NIRS.
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4.2. Summary

We chose relatively simple models instead of the complex models which increase the total time taken before the users receives a
response. The results indicate that the tuned SVM model with Preprocessing 4 could retain accuracy with fast speed, though there are
still some challenges in transparent pills that should be overcome in the future.

Before miniaturized NIRS could be deployed in a care facility or home care, a broad knowledge base containing all relevant med-
ications would be necessary. This library could be built using crowdsourcing methods (Hosio et al., 2016, pp. 1478–1483) that require
periodical updates when current information is incorrect or new pills are prescribed to patients. These databases could initially be built
locally and eventually centralized databases with scans from both manufacturers, pharmacies, and other partners could emerge, which
can make the knowledge base larger and stronger in the future.

5. Application

Determining the realistic medical scenarios, we designed a non-expert assistance that adopts a hardware-software approach.

5.1. Application design

Since we have built our back-end program on the university server, loading with the SVM model, then we developed an Android
application as the front-end program, allowing users to interact with the NIRS device through the smartphone. The application provides
the user with instructions and warnings regarding scan quality issues in order to reduce the effect of user-induced errors, which is
developed based on the open-source project provided by KS Technologies2. All the demonstrations in this paper are displayed on
Samsung Galaxy S7.

The home screen is shown in Fig. 9. Scan initial screen shows the relevant instructions, guiding the user in correctly scanning the
sample. We designed the instructions as a global thumbnail, with the swiping feature to provide larger and clearer indications step by
step. The idea is from the user feedback of the work by Klakegg (Klakegg et al., Kostakos), which could make the instructions clearer to
the elderly users. After scanning, we can get the identi!cation results on the screen with speech, the voice feature makes it easier for
visually impaired users to get the right feedback. Besides, we see there might be optional predictions for the identi!cation result as well,
which is prepared for inaccurate objects like transparent pills and some re"ective capsules., that we set the results within 10% prob-
ability of the predicted result (i.e., the maximum value) as alternative predictions. Moreover, it would show some simple introduction of
the pharmaceutical, that could help users ensure if the pill works properly, sometimes identifying or remembering the pharmaceutical
name is very dif!cult for non-expert (elderly) users (see Fig. 10).

In addition, there are scenarios in which the application displayed a warning message to the user. While the warnings are active
(10s), the scan button is greyed out and disabled. This is to ensure that the user reads it and does not accidentally press the scan button
again. After 10 s, the button becomes active again. Warnings are intended to give some prompts or feedback that could correct scan
behaviour and limit the effect of user-induced errors, that are displayed in Fig. 11. The thresholds for triggering these warnings were
concluded by the user-induced errors tests (Klakegg et al., Kostakos), all warnings could be spoken as well. It is worth mentioning that
we have added a video tutorial about how to use the scanner with our application properly, which could ensure that users have a valid
way to study and review the correct operating instructions.

Warning 1. If the sample is not put on the correct position (i.e., on the lens), insuf!cient light would be re"ected back to the receiver.
This situation was collected into our knowledge base in section 3. The warning is interpreted as the object was being misplaced, the scan
is unsuccessful giving no results with the image showing the correct placement of a sample.

Warning 2. When the illuminance is larger than 800 lux, the user will be informed that the accuracy of the scans might be inaccurate.
We can still get the identi!cation result in this situation as the light interference is not particularly serious.

Warning 3. When the illuminance is larger than 1200 lux, the text of the lux turns yellow and even red, and the scanning is failed until
the user can !nd a darker location. We cannot get any results and need to scan again when moving to a dimmer environment that could
make the text green.

Warning 4. When the con!dent rate of the prediction is less than 30%, the users will be informed that the accuracy of the result is

Table 6
Predictions for samples out of the knowledge base.

Predictions

True label Ganmaoling Jiaonang MultiVitamin Vitamin C

Predicted 1 Iron Amoxicillin Vitamin C!
Predicted 2 Iron Amoxicillin Vitamin C!
Predicted 3 Amoxicillin Iron Vitamin C!
Predicted 4 Celery Iron Vitamin C!
Predicted 5 Celery Iron Vitamin C!

2 https://github.com/kstechnologies/NIRScanNano/_Android
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relatively low, indicating the risk of an incorrect result. The value of 30% is obtained from many tests.

5.1.1. Speed optimization
One highlight of our application is we made an optimization that increases the speed of the whole process a lot, which is very

important for user experience. The previous work by Klakegg (Klakegg et al., Kostakos) took around 20 s (approximately 10 s for scan,
5 s for analysis, and 5 s for processing) to complete the process, we shortened this time to 5–6 seconds.

Basically, the process includes starting a scan and receiving results between the NIRS device and the smartphone connected by
Bluetooth, as well as the data transmission between the smartphone and the university server. Once the Bluetooth Client establishes a
connection with the DLP NIRscan Nano, the supported GATT pro!le is enumerated. DLP NIRscan Nano uses standard Bluetooth Low

Fig. 9. Left: Home screen. Right: Connection setting screen.

Fig. 10. From left: Screen of waiting for the result, screen of Vitamin C identi!cation result, screen of Amoxicillin identi!cation result.

Y. Chen et al. Smart Health 18 (2020) 100126

10



Energy services for Device Information and Battery shown in Device status. Data transmission is through the customGATT services in the
following procedures (T. I. I, 2017):

1. Bluetooth Client GATT General Information Service.

Fig. 11. Warnings 1–4 from top left to bottom right.

Y. Chen et al. Smart Health 18 (2020) 100126
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2. Bluetooth Client GATT Date and Time Service.
3. Bluetooth Client GATT Calibration Service.
4. Bluetooth Client GATT Scan Con!guration Service.
5. Bluetooth Client GATT Scan Data Service.

When theGATT Scan Data Service is enumerated, the Bluetooth Client can prompt DLP NIRscan Nano to download stored scan data or
perform a scan. The default scan would request for scan name, scan type, scan date/time, packet format version and serialized scan data
structure, which are all useful in saving and displaying the scanned objects. But in our project, we pay more attention to the speed and
results of real-time feedback, this just needs the serialized scan data structure every time we scan and identify the pill, while other
information is not needed as necessary from the GATT Scan Data Service. Removing useless parameters during Bluetooth transmission
can greatly increase the speed, which reduced the original 10 s scanning time to 5 s. After scanning, the application sends the data to the
server, which is very fast that we can ignore this time. Besides, the time for preprocessing and analyzing on the server side is extremely
short from the scoring time in Table 5. After the sample is analyzed, the results are sent back to the smartphone. Consequently, the whole
process takes about 5–6 seconds on average for each scan, which is more reasonable and acceptable for users.

5.1.2. Extended functions
As we proposed in the background, the application need an alarm function that could be set for the elderly in advance. It could be

very useful and helpful in reminding the elder to take the pill at a proper time (e.g., after lunch). The function could be opened by
clicking the alarm icon on the top bar of our home screen.

Another important function is the blacklist utility that families or nurses could set for the elderly. The intention is to help the users
blacklist drugs which are dangerous or allergic, reducing potential risks of medication problems. The warning should be eye-catching
with a big alert. The !rst two images from Fig. 12 show the demonstration of the procedure.

Besides, it is very crucial to get periodical updates when current information is incorrect or new pills are prescribed to patients. As the
crowdsourcing methods are deployed, we believe that with the knowledge base grows larger and larger, our forecasting system will be
much more accurate and powerful in the future. The feedback button is in our scan interface, under the scan button. Users could help
giving the correct label if the predicted result was wrong (Fig. 13).

The algorithm of the feedback procedure is shown in Algorithm 1 (Fig. 14).
Finally, the current version of our application has ability to identify pharmaceuticals with clear text and speech, give appropriate

feedback, remind the elderly to take medicine on time and detect whether it is dangerous.

5.2. 3D printing enclosure

As for the hardware assistance, we designed a 3D printed enclosure to both protect the scanner, reduce the effect of user-induced
errors, and facilitate the scanning process. The idea is inherited from the work by Klakegg (Klakegg et al., Kostakos), while the

Fig. 12. Left: Dialog for adding Amoxicillin into the blacklist. Right: Warning indicating the result is in the blacklist.
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design of the enclosure is informed by the !ndings of their previous tests. The design consists of a modular approach (protective casing
and a sample holder shown in Fig. 6).

The enclosure is formed to be positioned on the table, which removes the chance for device motion noise during operation. Besides,
there are two holes in the enclose, one is for connecting with the power bank, and the other is used to click the Bluetooth button for
communication with the smartphone. The !nal setup as described above is the result of three iterations of design, 3D printing, and
testing.

Fig. 13. From top left to bottom right: Example of the incorrect prediction, dialog for asking if the result is correct, dialog for asking the correct pill
name, example of the corrected prediction.
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6. Discussion and conclusion

6.1. Implications of our project

We used a relatively cheap and miniaturized NIRS device called DLP NIRscan Nano on a wide set of pharmaceuticals. By under-
standing the parameters in the scan, we implemented a hardware-software application that make the technology easier to use. Paring the
devices, the smartphone is converted into an advanced scienti!c instrument by simply installing the application and connecting it to the
NIRS scanner, even novice users can handle and operate the device, taking advantage of NIRS, greatly reducing the professionalism of
sample preprocessing and analysis. Through some study, evaluation and comparison of the performance using a series of machine
learning algorithms, we successfully applied NIRS and hardware-software assistance to achieve the pharmaceutical identi!cation. In the
future with the continuous reduction in NIRS device size and price, they may be utilized in more and more home scenarios.

6.2. Improvements of our project

We have made some improvements based on previous related research and applications. First, we have greatly optimized the scan
time, (i.e, the speed of Bluetooth transmission between the scanner and the mobile phone), to take advantage of the real-time nature of
NIRS and reduce the time users waiting for results to improve the user experience. In addition, we tried to add some new features to the
app, such as alarm blacklist and feedback to make it richer, we adjusted some interfaces, added the voice feature and other special effects
to better meet the needs of the elderly. Regarding the sample, we expanded the size of the knowledge base, including more compre-
hensive and diverse samples to increase the challenge of identi!cation. Although Klakegg (Klakegg et al., 2018) has achieved 100%
accuracy, precision and recall with Naïve Bayes using 10-fold cross validation, also got 96.25% (77 pills were correctly classi!ed in total
80 pills) through a user study. Both accuracies seem to be higher than us. However, the important thing is we have made more chal-
lenges by inducing several transparent pharmaceutical categories into the knowledge base, while there was only one transparent
category in Klakegg's. Two solid categories were classi!ed by mistake, multivitamin was classi!ed as Retafer, and Probiotic as Zinc in
the user study (Klakegg et al., 2018), but all the solid pills were classi!ed correctly in our independent test.

6.3. Limitations and future work

The work presented in this paper has several limitations. First, it is lack of relative user study in realistic, the actual operation of the
elderly should be tested scienti!cally before wide use. Second, the feedback interface just showing the name with a brief introduction of
the pharmaceutical in the form of text in our project might be weak, it is necessary to achieve a better form of predictions with the help of
medical institutions.

Besides, the prediction accuracy of the hold-out test set is not ideal. There are still challenges on the transparent pharmaceuticals,
which need to be improved in the future with new methods. We have some ideas that could be tried in the future:

# Try a new model with two scanners deployed against each other, putting the sample between them. It might also be effective in
penetrating and overcoming the gelatin shell of capsules.

# Try some other portable scanners with different brands, which have higher resolution and accuracy in scanning.
# Try deep learning models rather than the traditional models. It will cause more in training but might work better in prediction.

What's more, the temperature and humidity were stable during the data collection. But in most user cases, the temperature and
humidity are changing, we did not consider these dynamic factors in"uencing the accuracy of our system during the work. In the future,
we would like to experiment and evaluate the system with a series of temperature and humidity as parameters.

Fig. 14. Algorithm 1 Feedback algorithm.
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Finally, regarding user feedback in the process of uploading data and new tags, there might be a risk of maliciously uploading
inaccurate results or even viruses. In addition, elder patients may not be willing to share their personal information (medicine in use)
with others, thus an online learning with some encryption algorithms might be necessary. Jiang (Jiang et al., 2019) has proposed a
distributed system which contains a cloud server and multiple smartphone devices, each device is served as a personal mobile data hub
for enabling mobile computing while preserving data privacy. The system could be feasible for our project, that with its deep learning
optimized algorithms, powerful computational capabilities, and good tolerance of unstable network connections, it would be possible to
generalize and deploy the system with tens of thousands of pharmaceuticals in practical use. Building a more secure and powerful
system would be complicated if we look further, which is currently outside the scope of the article.

7. Conclusion

Our work systematically studied the applicability of using miniaturized NIRS in non-expert medication, especially for the elderly
home care. We have studied the miniaturized NIRS-related literature and conducted a series of work based on previous NIRS non-expert
user studies. We collected a challenging knowledge base to benchmark the performance of different preprocessing andmachine learning
algorithms, and then applied the appropriate models to the server for complex pharmaceutical analysis and prediction in the back-
ground. Taking into account the challenges of NIRS operations for non-expert users, we have adopted a 3D printed box and an Android
application solution. The results show that the accuracy and user experience of using NIRS for object detection and analysis is suf!cient
when we propose non-expert assistance. Miniaturized NIRS can identify pills with high precision in real-world situations, thus providing
suf!cient feasibility of home care for the elderly.
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