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Figure 6. Traffic Density on day wise- (a). On December 16 (b).  On December 17 (c). On 
December 18 (d). On December 19 (e). On December 20 (f). On December 21 (g). On December 
22 
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3.6 Downsample into 48 silos of 

approximately 30-minute masses of data 

and find heights

The generated real-time raw traffic data is hard to 

visualize and very spiky also. Therefore, do you 

want to see the highest volume in a particular time 

in a day then we need to look at the data on a time 

scale greater than 15 seconds do. For calculation of 

this divide, the 24-hour day into 30 minutes 

segments. Here each segment begins near the top of 

the hour and means while end time at 30 minutes 

later. Fig. 6 shows the individual date traffic 

information. 3.6.1 Weekend observations for Saturday,

December 16 

This is first-weekend day observation of traffic 

pattern and many peaks are scattered throughout the 

day but the maximum peak times occur at 1:52 and 

3:51 time. This is not surprising as the highway 

connects many big industries and data centers that 

frequented during weekend days only. 

3.6.2 Weekend observations for Sunday, 

December 17 

On Sunday, the traffic patterns are similar to 

Saturday. This day also having so many large peak 

times occurred, but maximum peak times occurred 

afternoon again at 1:52 and 3:51 pm. 

3.6.3 Weekend observations for Monday, 

December 18 

On Monday, we have been seeing a working day for 

all employees and for normal people communicates 

to their destination places to and from work. We 

observed the morning rush from 7:55 to 8:25 am and 

scattered as large peaks. Again evening also the 

employees are reaching their destination, so evening 

rush at 5:19 pm and 6:48 pm. We even see a strong 

peak time fluctuations at 12 noon as people go out 

for lunch or perhaps. 

3.6.4 Weekend observations for Tuesday, 

December 19 

On Tuesday, the observed pattern is similar to 

Monday. In this whole day, so many peak times 

occurred out of those two peaks in the morning and 

three peaks in the evening figured out. 

3.6.5 Weekend observations for Wednesday, 

December 20 

On Wednesday, morning from 6:57 am to 7:27 am, 

the traffic density is heavy. In the evening, we see 

two strong peak times out of many peak times at 

Cloud evening. 

3.6.6 Weekend observations for Thursday, 

December 21 

On Thursday, the peak timings are- two in the 

morning and three at evening occurred, and the 

heavy rush is same as like on Wednesday. 

3.6.7 Weekend observations for Friday, 

December 22 

On Friday, we observed that continuously the traffic 

is going like anything and we observed maximum 

peak times thought a day. 

3.7 Online Analysis and Visualization: 

Creating Visualizations inside ThingSpeak 

As of now, we had developed traffic monitoring 

algorithm using Simulink model and that has 

deployed onto the Raspberry Pi 3 Model B. Then we 

programmed for traffic monitoring algorithm and 

send the results to the ThingSpeak IoT Cloud 

platform for online analysis and visualizations. After 

that, we took one-week traffic patterns and 

performed some analysis on that and get results like 

when is the maximum peak times occurs and when 

is the low peak time occurs at daily wise. We used 

eastbound traffic and westbound traffic for 

measuring a number of vehicles are moving on both 

ends. It is easy to calculate the mean value for daily 

and weekly traffic data observations. To do this we 

set a threshold value for finding moderate or heavy 

traffic patterns based on our deep observations. This 

code will automatically update whenever the 

ThingSpeak IoT Cloud platform has viewed. So 

now, we can easily find the heavy traffic timings on 

this highway road as shown in Fig.7. 

Figure 7. Online Analysis and 
Visualizations on ThingSpeak 

3.8 Create a dynamic visualization of 

traffic density: Viewing the data online 

Up to now, we have created a channel on 

ThingSpeak that delineates the crude movement 

thickness in both eastward rush-hour gridlock and 

westward activity bearings and assessments peak-

times of activity on day-by-day or week after week 

premise. The created channel has situated on 

ThingSpeak. We can play out some examination and 

perceptions at 24*7, conduct utilizing any web 

program and keep running on a machine or portable. 

With a specific end goal to see the movement 

conditions on the web, go to ThingSpeak IoT Cloud 

stage. 
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4. Performance Evaluation

The proposed framework has been implemented on 

ThingSpeak IoT cloud platform. This was 

programmed using MATLAB code with DELL 

laptop of I3 Intel Pentium Processor, 4 GB RAM, 

and 1 TB HDD in Windows 10 platform. 

4.1 Performance Metrics 

To evaluate the performance of the proposed 

framework, the following metrics are considered for 

measuring the framework. These metrics are 

generated from the confusion matrix as shown in Fig 

8. 
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Figure 8. Confusion Matrix 

4.1.1. True positive 

𝑉𝑥 → 𝑉𝑥: This is an estimation of detected vehicles 
considered correctly as detected vehicles. 

4.1.2. True negative 

𝑁𝑉𝑥 → 𝑁𝑉𝑥: This is an estimation of non-detected 
vehicles considered correctly as non-detected 

vehicles. 

4.1.3. False positive 

𝑁𝑉𝑥 → 𝑉𝑥: This is an estimation of non-detected 
vehicles considered incorrectly as detected vehicles. 

4.1.4. False negative 

𝑉𝑥 → 𝑁𝑉𝑥: This is an estimation of detected vehicles 
considered incorrectly as non-detected vehicles. 

4.1.5. True Positive Rate (TPR) 

TPR expresses the sensitivity and scales the 

proportion of correctly classified detected vehicles 

from the video as shown Eq.1     

𝑇𝑃𝑅 =
𝑉𝑥 → 𝑉𝑥

 (1) 
[𝑉𝑥 → 𝑉𝑥 + 𝑉𝑥 → 𝑁𝑉𝑥]

4.1.6. True Negative Rate (TNR) 

TNR expresses the specificity scales the proportion 

of correctly classified non-detected vehicles from 

the video as shown Eq.2. 

𝑇𝑁𝑅 =
𝑁𝑉𝑥 → 𝑁𝑉𝑥

[𝑁𝑉𝑥 → 𝑁𝑉𝑥 + 𝑁𝑉𝑥 → 𝑉𝑥]
 (2) 

4.1.7. False Positive Rate (FPR) 

FPR measures the significance level, which scales 

the proportion of non-detected vehicles that are 

interpreted as detected vehicles in the data 

acquisition process in an input video sequence as 

shown Eq.3 

𝐹𝑃𝑅 =
𝑁𝑉𝑥 → 𝑉𝑥

 (3) 
[𝑁𝑉𝑥 → 𝑉𝑥 + 𝑁𝑉𝑥 → 𝑁𝑉𝑥]

4.1.8. False Negative Rate (FNR) 

FNR scales the proportion of detected vehicles that 

are interpreted as non- detected vehicles in the data 

acquisition process as shown Eq.4 

𝐹𝑁𝑅 =
𝑉𝑥 → 𝑁𝑉𝑥

 (4) 
[𝑉𝑥 → 𝑁𝑉𝑥 + 𝑉𝑥 → 𝑉𝑥] 

4.1.9. Accuracy 

Accuracy is the first step towards performance 

measure where it defines the ratio between the total 

count of correct detected vehicles made to a total 

count of detected vehicles made as shown Eq.5. 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑉𝑥→𝑉𝑥+ 𝑁𝑉𝑥→𝑁𝑉𝑥)

[𝑉𝑥→𝑉𝑥+𝑁𝑉𝑥→𝑁𝑉𝑥+𝑁𝑉𝑥→𝑉𝑥+𝑉𝑥→𝑁𝑉𝑥]
 (5)      

4.1.10. Precision, Recall & F-measure 

Precision discourses about the exactness of the data, 

and the Recall voices about completeness. Both 

precision and recall conclude over the accuracy of 

the system whereas the accuracy does not explain 

much about the false results. F-measure studies 

precision and recall to decide upon the score. Its 

harmonic mean over precision and recall as shown 

Eq.6-8 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑉𝑥 → 𝑉𝑥

[𝑉𝑥 → 𝑉𝑥 + 𝑁𝑉𝑥 → 𝑉𝑥]
 (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑉𝑥 → 𝑁𝑉𝑥

[𝑉𝑥 → 𝑉𝑥 + 𝑉𝑥 → 𝑁𝑉𝑥]
 (7) 

)    (8) 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2 ∗ (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

4.2 Result Discussions 

The proposed framework has been compared with 

existing leading approaches- Zhang et.al, 2013 [8], 

M. Mazhar Rathore et.al, 2016 [14], A.P. Plageras

et.al, 2017 [15], Sharmad Pasha, 2016 [17], A.R. Al-

Ali, et. al, 2017 [18], and László Lengyel et.al, 2015

[19] by considering all the mentioned evaluation

metrics in our proposed work.

Table 1 highlights the predominance Accuracy, 

precision, recall, f-measure, TNR, FPR, and FNR 

value of FSDAA over state of the art schemes under 

our proposed FSDAA mechanism. The result 

confirms that FSDAA is able to maintain its 

accuracy percentage of 84.56 at varying accuracy 

results of data acquisition even when the false  
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Table 1. Comparison of the various state of the art schemes with proposed FSDAA in percentage.

Approach Accuracy Precision Recall F-Measure TNR FPR FNR 

Zhang et.al, 2013 [8] 61.28 64.36 59.45 57.25 65.04 27.12 32.15 

M. Mazhar Rathore et.al, 2016

[14]

70.64 74.08 80.58 78.06 74.15 24.35 27.32 

A.P. Plageras et.al, 2017 [15] 74.29 76.28 78.26 74.12 67.10 22.61 25.67 

Sharmad Pasha, 2016 [17] 68.16 70.15 73.64 58.26 62.35 34.15 32.15 

Akbar Adnan, et. al, 2018 [18] 80.14 79.05 86.01 82.14 81.39 21.68 29.31 

László Lengyel et.al, 2015 [19] 76.20 79.35 81.29 80.65 74.36 23.16 26.74 

FSDAA (Proposed) 84.56 86.21 88.60 84.91 86.34 15.42 18.22 

Table 2.  Results of the various metrics at different nodes with proposed FSDAA in percentage at selected region

Nodes TPR TNR FPR FNR Accuracy Precision Recall F-Measure

10 82.11 86.34 15.42 18.22 84.56 86.21 88.60 84.91 

20 80.25 75.64 23.34 24.76 81.23 82.45 79.68 81.55 

30 73.45 69.82 32.10 29.48 76.02 78.94 71.33 75.61 

40 67.96 60.43 41.26 38.36 71.52 71.22 65.20 69.21 

50 61.47 53.15 67.00 75.33 65.46 64.30 60.95 62.84 

positive rate is increased. FSDAA enables a superior 

accuracy value of 3% when compared to M. Mazhar 

Rathore et.al, 2016 approach. The results prove that 

FSDAA is capable of maintaining the average 

accuracy value of 3 % to 23% compared with the 

state of the art schemes. Likewise, precision value 

achieves the superior of 4%, recall value achieves 

the superior percentage of 2%, F-measure value 

achieves the superior of 5%, TNR value achieves the 

superior of 5%, FPR value achieves the superior of 

3%, FNR value achieves the superior of 5% when 

compared to the state of the art schemes mentioned 

in Table 1. The results shown in Table 1 of our 

proposed FSDAA is considered as 10 nodes. 

 Table 2 depicts  the results of the various metrics by 

varying nodes with proposed FSDAA in percentage 

at the selected region of this paper. The number of 

vehicles or simply called as nodes are varying 

starting from 10 to 50. On average, the increase of 

TPR is 23% by changing the nodes from 10 to 50. 

Similarly, TNR is decreased from 86-53%, FPR has 

been decreased by 15-67%, and FNR has been 

decreased by around 18-75% from 10 nodes to 50 

nodes simultaneously. The percentages of FPR and 

FNR is decreasing means an increase in success rate 

because the false value in decrease means the 

increase in the success rate. 

The reasons behind the success of FSDAA scheme 

compared to the baseline approaches considered for 

analysis are due to the efficient use of Simulink 

model and testing samples induces more accuracy, 

true positive and true negative since they employ 

better combination for testing such that maximum 

alternatives are used for detecting the moving 

vehicles.  

In addition to, the time complexity of FSDAA 

scheme is determined to be TComplex = O(MS) = 

O(n2). This time complexity is initially derived as 

TComplex = O(MS) since the processing time majorly 

depends on the acquiring of input video sequence 

‘M’ and the number of detected  sensor data ‘S’ in 

each input video. Further, the number of optimal 

features influencing the decision making depends on 

the number of clusters ‘C’ formed from the input 

vector of size ‘M’, Thus S = O(N) and hence the total 

time complexity of FSDAA is TComplex = O(n2). 

5. Conclusions and Future Directions

The data analytics are existing everywhere in the 

Internet of Things (IoT). The huge volume and 

variety of data are generating nowadays. Therefore, 

how to acquire the sensor data and performing 

analysis in the sensed data is a challenging task. In 

this paper, the authors have been proposed FSDAA 

mechanism for IoT sensor data acquisition and 

analysis. The proposed framework has implemented 

on ThingSpeak IoT cloud platform with Matlab 

code. Also developed a Simulink model for data 

analysis and visualisations of the sensed information 

in real-time. The FSDAA has evaluated with 
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accuracy, precision, recall, and f-measure, it yields 

the encouraging results compared with state of the 

art schemes. 

The subsequent work of this proposed work is as 

follows- firstly, in this framework we didn’t provide 

any security and confidentiality for the FSDAA, 

therefore we will accomplish it. Secondly, the same 

framework has been implemented through the app 

for mobile users to identify the traffic jam and 

suggest optimal routes. However, in the future, the 

authors will be considering these issues to evaluate 

the proposed FSDAA framework's performance. 
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