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Abstract: Social media has become a common platform for exchanging opinions and ideas. Various Smartphone apps, such as 

Facebook, Twitter, Instagram, and WhatsApp, offer a common forum for people to communicate with one another. In this paper, 

LBP variants and a hybrid approach are considered for emotion classification on a Twitter image dataset containing images linked 

to the Gurmukhi script. This data was then filtered to only include content that fit into one of four emotion categories: happy, 

love, sad, or angry. For feature extraction, LBP and its variants such as MLBP, DRLBP, OCLBP, CSLBP, RLBP, and Hybrid of 

MLBP and DRLBP are used. The classification was done by using supervised classifiers such as decision tree, nave Bayes, kNN, 

and SVM, which classified the data into the appropriate emotion group. The resulting values were reported in order to ascertain 

the precision, recall, f-measure, and accuracy of the proposed method. The experimental results indicate that the decision tree is 

the highest, with high recall, F-score, and accuracy parameters. The Hybrid strategy is also measured to outperform the others. 

IndexTerms - TF-IDF, N-Grams, MSA, Feature Extraction, Sentiment Analysis, Gurmukhi script, Emotion Classification, 

Decision tree, Local binary pattern. 

1. INTRODUCTION 

Assessing the image sentiment is a time-consuming process for classification algorithms, owing to the intangible essence of 

human sentiments as well as the uncertainties in the raw images. Since they provide details about the movement of the face, i.e. 

gestures sent by visual data, the visual type of data provides more signals to classify emotions and opinions Human face 

recognition detection is a lively protagonist in which it involves a wide range of applications such as video conferencing, HCI, 

human face recognition surveillance, and many others. Facial expressions depict the current emotion state of human. The 

emotions of humans are divided into six basic emotions (anger, sorrow, surprise, fear, disgust, and joy) and non-basic emotions 

(fatigue, pain, agreeing, engaged, interest, irritation, and thought (Sikandar, M, 2014). The commonly used features for 

identifying emotions are based on indigenous special position, movement, and movement of both regions and points of the face, 

such as the eyebrows, edge of the mouth, lip, furrow, and wrinkles (Pantic  and Rothkrantz, 2003). Several approaches are used to 

investigate the relationship between a particular part of the face and the action of a specific point and various emotional states. 

FACS (Facial Action Coding System) (Ekman and Oster, 1979) is the most widely used tool for categorizing physical expressions 

of emotions. It can split facial expressions into individual muscle movements known as Action Units (AUs). Since data is 

obtained from various domains, the proposed work is not domain driven. The continued increase in the quantity of multimedia 

data, particularly images, has resulted in a large number of image databases, which has resulted in two major challenges: image 

processing and image storage (Zekri et al., 2017). To obtain a correct sentiment from images it’s always crucial to focus on the 

main factor i.e. feature extraction. The extraction of features is critical because it determines the recognition accuracy. The feature 

extraction algorithm should be capable of being representative and discriminative, as well as computationally efficient and 

resistant to facial fluctuations (Singh and Chhabra, 2018). Face recognition, as a typical pattern recognition problem, must address 

two major issues: (i) which features should be used to represent a face, and (ii) how should a new face image be classified based 

on the chosen representation? ( Zhng etal., 2004). Feature extraction from images become more difficult when it comes to MSA.   

In case of multimodal sentiment analysis (MSA) the key problem is the blend of different modalities. A vast study has been 

carried out to understand the difficulties and opportunities of MSA (Kaur  and Kautish, 2019). 
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2. BACKGROUND  

LBP is very important method in analysing textures and it has gained huge popularity in texture analysis field. It has been studied 

that LBP is very sensitive to noise and unable to capture interfacial information of the image (Sharma and Lal, 2017). Initially 

basic LBP technique is discussed along with its features and limitations, then its variants are discussed which are used to eliminate 

the rotation variation problem of basic LBP and to extract macrostructure and microstructure information from the input images. 

          Since its introduction in1996 for texture classification, Local Binary Patterns (LBP) have been utilized in various image 

analyses applications such as dynamic texture recognition, 3D face recognition, text detection, music genre classification, image 

forgery, image region descriptors and so on. The Local Binary Pattern (LBP) was introduced by (Ojala et al., 2002) as a texture 

classification method. As a result of its performance in the texture classification challenge, the LBP operator has been proposed in 

(Ahonen et al., 2006)for diverse classification issues such as facial recognition. The LBP operator does not have rotation 

invariance. As a result, (Ojala et al., 2002) presented a rotation invariant extension of LBP. In (Ji and Idrissi, 2011)  LBP features 

are used, and AdaBoost is used to identify the most important features for each expression on key facial parts.. LBP was later 

discovered to be sensitive to global intensity fluctuations as well as local intensity along edge components. Multi-resolution local 

binary pattern (MRLBP) variation based texture feature extraction algorithms are proposed by (Yadav et al., 2015). Although 

originally proposed for texture analysis, the LBP method has been successfully applied to many diverse problems including 

dynamic texture recognition, remote sensing, fingerprint matching, visual inspection, image retrieval, biomedical image analysis, 

face image analysis, motion analysis, edge detection, and environment modeling. Local Binary Patterns (LBP) (Liu et al., 2016) 

have emerged as one of the most prominent texture descriptors, attracting significant attention in the field of computer vision and 

image analysis due to their outstanding advantages: 1) Ease of implementation 2) Invariance to monotonic illumination changes, 

and 3) Low computational complexity.  

3. SYSTEM MODULE 

 

Figure 1. System Module of proposed Methodology 

Presented system module includes three phases as shown in Figure 1. 

 Feature extraction 

Two features TF-IDF (word level) and N-Grams (value of n=2 and n=3) are considered to carry out emotion classification on 

Twitter dataset (Kaur and Bhardwaj, 2019). The feature extraction was done by using the LBP and its variants like MLBP, 

DRLBP, OCLBP, CSLBP, RLBP, and Hybrid of MLBP and DRLBP. 

 

  Classification  

The final stage of Image categorization process involves the training and testing the dataset using the selected feature set given by 

the feature selection phase using LBP and its variants. Four machine learning classifiers named as DT, NB, SVM and k-NN are 

used for classification.  

 

 Performance Evaluation.  

Classification results are shown for four presentation parameters i.e. precision, accuracy, f-score and recall. 

 

 

 

 

Feature Extraction Phase 

Image Acquisition 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

LBP 

CSLBP 

OCLBP 

RLBP 

DRLBP 

MLBP 

Hybrid: 

DRLBP+MLBP 

Classification Phase 

Decision Tree 

kNN 

SVM 

Naïve Bayes 

Performance 

Evaluation 

Recall 

Precision  

F-score 

Accuracy 

http://www.ijrti.org/


© 2022 IJNRD | Volume 7, Issue 8 August 2022 | ISSN: 2456-4184 | IJNRD.ORG 

IJNRD2208109 International Journal of Novel Research and Development (www.ijnrd.org)  

 

1012 

4 RESULTS AND DISCUSSIONS 

4.1  Dataset Details  

Attaining a dataset for the sentiment documentation undertaking is additional stimulating as there are not any by hand categorized 

openly accessible datasets. (Wang et al., 2012)Describe 7 discrete human sentiments (joy, love, anger, surprise, fear, sadness, 

thankfulness). All of these sentiments they have induced set of keywords and their lexical variations to signify a single human 

sentiment. From these, we utilize joy (happy), love, sadness and anger shown in Table 1. A text comment along with image from 

Twitter is taken in the existing work by assembling thousands of posts spread on different classes (Kaur and Bhardwaj, 

2021).After collecting the Image metadata and sorting the result set by interest to ensure that images matching the emotional 

categories are retrieved in priority. A total of 3446 tweets have been composed from four classes. We divided the data into 

categories so that 75 % (~2584) is used for training and 25% (~862) is used for testing. Training and testing has been carried out 

using different set of LBP feature extractors in which a hybrid method using two different LBP variants in which four types of 

classifiers i.e. SVM, Decision tree, Naïve-Bayes and k-nearest neighbor has been used. 

 

Table 1. Table showing percentage of samples used for testing 

 

Emotion Class Number of documents 

Happy 1687 

Love 377 

Sad 712 

Angry 670 

 

4.2 Results and Analysis 

The classification of view could be assessed utilizing four indexes considered on the base of the subsequent calculations: 

precision, accuracy, f-measure and recall (Zhang et al., 2014). Many documents detected and the ground truth category provides 

the effectiveness of the presented method based on sensitivity of particular class and specificity of rest of the documents. Hence 

Detection Accuracy (DA) or recall value which defines sensitivity parameter can effectively represent the accuracy of image 

classifier. Gurmukhi emotion classification results for image content classifier are represented in Table 2 to Table 8. 

Table 2. Performance evaluation for LBP feature descriptors 

Parameters TP TN FP FN Precisio

n 

Recall F-

Measure 

Accuracy 

Category Decision Tree results using LBP features 

Angry 306 2455 321 362 0.4880 0.4581 0.4726 0.8017 

Happy 1150 1243 514 537 0.6911 0.6817 0.6864 0.6948 

Love 130 2759 308 247 0.2968 0.3448 0.3190 0.8389 

Sad 328 2345 387 384 0.4587 0.4607 0.4597 0.7761 

 KNN results Using LBP features 

Angry 213 2536 240 455 0.4702 0.3189 0.3800 0.7982 

Happy 1405 687 1070 282 0.5677 0.8328 0.6752 0.6074 

Love 53 2901 166 324 0.2420 0.1406 0.1779 0.8577 

Sad 135 2570 162 577 0.4545 0.1896 0.2676 0.7854 

 Naive Bayes results Using LBP features 

Angry 286 2326 450 382 0.3886 0.4281 0.4074 0.7584 

Happy 882 1259 498 805 0.6391 0.5228 0.5752 0.6217 

Love 147 2564 503 230 0.2262 0.3899 0.2863 0.7872 

Sad 261 2315 417 451 0.3850 0.3666 0.3755 0.7480 

 SVM results Using LBP features 

Angry 149 2265 511 519 0.2258 0.2231 0.2244 0.7009 

Happy 1065 684 1073 622 0.4981 0.6313 0.5569 0.5078 

Love 57 2830 237 320 0.1939 0.1512 0.1699 0.8383 

Sad 122 2502 230 590 0.3466 0.1713 0.2293 0.7619 
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Table 3. Performance evaluation for CSLBP feature descriptors 

 

Parameters TP TN FP FN Precision Recall F-Measure Accuracy 

Category Decision Tree results using CSLBP features 

Angry 307 2387 389 361 0.4411 0.4596 0.4501 0.7822 

Happy 1182 1157 600 505 0.6633 0.7007 0.6815 0.6792 

Love 114 2855 212 263 0.3497 0.3024 0.3243 0.8621 

Sad 280 2372 360 432 0.4375 0.3933 0.4142 0.7700 

 KNN results Using CSLBP features 

Angry 213 2500 276 455 0.4356 0.3189 0.3682 0.7877 

Happy 1361 740 1017 326 0.5723 0.8068 0.6696 0.6100 

Love 59 2930 137 318 0.3010 0.1565 0.2059 0.8679 

Sad 165 2516 216 547 0.4331 0.2317 0.3019 0.7785 

 Naive Bayes results Using CSLBP features 

Angry 269 2207 569 399 0.3210 0.4027 0.3572 0.7189 

Happy 1298 737 1020 389 0.5600 0.7694 0.6482 0.5909 

Love 17 3008 59 360 0.2237 0.0451 0.0751 0.8783 

Sad 72 2592 140 640 0.3396 0.1011 0.1558 0.7735 

 SVM results Using CSLBP features 

Angry 135 2368 408 533 0.2486 0.2021 0.2230 0.7268 

Happy 804 1072 685 883 0.5400 0.4766 0.5063 0.5447 

Love 100 2496 571 277 0.1490 0.2653 0.1908 0.7538 

Sad 155 2146 586 557 0.2092 0.2177 0.2134 0.6681 

 

Table 4. Performance evaluation for OCLBP feature descriptors 

 

Parameters TP TN FP FN Precision Recall F-Measure Accuracy 

Category Decision Tree results using OCLBP features 

Angry 292 2384 392 376 0.4269 0.4371 0.4320 0.7770 

Happy 1179 1195 562 508 0.6772 0.6989 0.6879 0.6893 

Love 136 2817 250 241 0.3523 0.3607 0.3565 0.8574 

Sad 299 2398 334 413 0.4724 0.4199 0.4446 0.7831 

 KNN results Using OCLBP features 

Angry 216 2536 240 452 0.4737 0.3234 0.3843 0.7991 

Happy 1411 686 1071 276 0.5685 0.8364 0.6769 0.6089 

Love 52 2926 141 325 0.2694 0.1379 0.1825 0.8647 

Sad 149 2568 164 563 0.4760 0.2093 0.2907 0.7889 

 Naive Bayes results Using OCLBP features 

Angry 229 2347 429 439 0.3480 0.3428 0.3454 0.7480 

Happy 1098 946 811 589 0.5752 0.6509 0.6107 0.5935 

Love 88 2731 336 289 0.2075 0.2334 0.2197 0.8185 

Sad 141 2420 312 571 0.3113 0.1980 0.2421 0.7436 

 SVM results Using OCLBP features 

Angry 118 2525 251 550 0.3198 0.1766 0.2276 0.7674 

Happy 248 1562 195 1439 0.5598 0.1470 0.2329 0.5256 

Love 249 1425 1642 128 0.1317 0.6605 0.2196 0.4861 

Sad 173 2164 568 539 0.2335 0.2430 0.2381 0.6786 
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Table 5. Performance evaluation for RLBP feature descriptors 

 

Parameters TP TN F

P 

FN Precisio

n 

Recall F-

Measure 

Accuracy 

Category Decision Tree results using RLBP features 

Angry 320 2374 402 348 0.4432 0.4790 0.4604 0.7822 

Happy 1137 1287 470 550 0.7075 0.6740 0.6903 0.7038 

Love 129 2793 274 248 0.3201 0.3422 0.3308 0.8484 

Sad 334 2354 378 378 0.4691 0.4691 0.4691 0.7805 

 KNN results Using RLBP features 

Angry 217 2533 243 451 0.4717 0.3249 0.3848 0.7985 

Happy 1404 723 1034 283 0.5759 0.8322 0.6807 0.6176 

Love 48 2928 139 329 0.2567 0.1273 0.1702 0.8641 

Sad 154 2527 205 558 0.4290 0.2163 0.2876 0.7785 

 Naive Bayes results Using RLBP features 

Angry 256 2397 379 412 0.4031 0.3832 0.3929 0.7703 

Happy 865 1256 501 822 0.6332 0.5127 0.5667 0.6159 

Love 172 2457 610 205 0.2199 0.4562 0.2968 0.7634 

Sad 250 2321 411 462 0.3782 0.3511 0.3642 0.7465 

 SVM results Using RLBP features 

Angry 229 2184 592 439 0.2789 0.3428 0.3076 0.7006 

Happy 953 1175 582 734 0.6208 0.5649 0.5916 0.6179 

Love 130 2737 330 247 0.2826 0.3448 0.3106 0.8325 

Sad 174 2278 454 538 0.2771 0.2444 0.2597 0.7120 

 

Table 6. Performance evaluation for DRLBP feature descriptors 

Parameters TP TN FP FN Precision Recall F-

Measure 

Accuracy 

Category Decision Tree results using DRLBP features 

Angry 323 2347 429 345 0.4295 0.4835 0.4549 0.7753 

Happy 1175 1313 444 512 0.7258 0.6965 0.7108 0.7224 

Love 133 2873 194 244 0.4067 0.3528 0.3778 0.8728 

Sad 345 2331 401 367 0.4625 0.4846 0.4733 0.7770 

 KNN results Using DRLBP features 

Angry 212 2537 239 456 0.4701 0.3174 0.3789 0.7982 

Happy 1426 704 1053 261 0.5752 0.8453 0.6846 0.6185 

Love 56 2916 151 321 0.2705 0.1485 0.1918 0.8630 

Sad 142 2567 165 570 0.4625 0.1994 0.2787 0.7866 

 Naive Bayes results Using DRLBP features 

Angry 290 2295 481 378 0.3761 0.4341 0.4031 0.7506 

Happy 1094 1070 687 593 0.6143 0.6485 0.6309 0.6283 

Love 108 2795 272 269 0.2842 0.2865 0.2853 0.8429 

Sad 202 2422 310 510 0.3945 0.2837 0.3301 0.7619 

 SVM results Using DRLBP features 

Angry 342 1841 935 326 0.2678 0.5120 0.3517 0.6339 

Happy 762 1298 459 925 0.6241 0.4517 0.5241 0.5981 

Love 133 2739 328 244 0.2885 0.3528 0.3174 0.8339 

Sad 176 2423 309 536 0.3629 0.2472 0.2941 0.7546 
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Table 7. Performance evaluation for MLBP feature descriptors 

 

Parameters TP TN FP FN Precision Recall F-

Measure 

Accuracy 

Category Decision Tree results using MLBP features 

Angry 294 2428 348 374 0.4579 0.4401 0.4489 0.7904 

Happy 1156 1197 560 531 0.6737 0.6852 0.6794 0.6832 

Love 118 2793 274 259 0.3010 0.3130 0.3069 0.8452 

Sad 325 2363 369 387 0.4683 0.4565 0.4623 0.7805 

 KNN results Using MLBP features 

Angry 200 2518 258 468 0.4367 0.2994 0.3552 0.7892 

Happy 1346 735 1022 341 0.5684 0.7979 0.6639 0.6042 

Love 81 2898 169 296 0.3240 0.2149 0.2584 0.8650 

Sad 179 2543 189 533 0.4864 0.2514 0.3315 0.7904 

 Naive Bayes results Using MLBP features 

Angry 336 1938 838 332 0.2862 0.5030 0.3648 0.6603 

Happy 941 1138 619 746 0.6032 0.5578 0.5796 0.6037 

Love 69 2781 286 308 0.1944 0.1830 0.1885 0.8275 

Sad 131 2508 224 581 0.3690 0.1840 0.2455 0.7663 

 SVM results Using MLBP features 

Angry 59 2502 274 609 0.1772 0.0883 0.1179 0.7436 

Happy 741 1267 490 946 0.6019 0.4392 0.5079 0.5830 

Love 200 1666 1401 177 0.1249 0.5305 0.2022 0.5418 

Sad 54 2507 225 658 0.1935 0.0758 0.1090 0.7436 

 

Table 8. Performance evaluation for DRLBP and MLBP hybrid feature descriptors 

Parameters TP TN FP FN Precision Recall F-Measure Accuracy 

Category Decision Tree results using DRLBP and MLBP features 

Angry 343 2368 408 325 0.4567 0.5135 0.4834 0.7872 

Happy 1160 1357 400 527 0.7436 0.6876 0.7145 0.7308 

Love 144 2832 235 233 0.3799 0.3820 0.3810 0.8641 

Sad 354 2332 400 358 0.4695 0.4972 0.4829 0.7799 

 KNN results Using DRLBP and MLBP features 

Angry 195 2535 241 473 0.4472 0.2919 0.3533 0.7927 

Happy 1374 704 1053 313 0.5661 0.8145 0.6680 0.6034 

Love 66 2913 154 311 0.3000 0.1751 0.2211 0.8650 

Sad 164 2535 197 548 0.4543 0.2303 0.3057 0.7837 

 Naive Bayes results Using DRLBP and MLBP features 

Angry 295 2273 503 373 0.3697 0.4416 0.4025 0.7456 

Happy 1104 1083 674 583 0.6209 0.6544 0.6372 0.6350 

Love 117 2767 300 260 0.2806 0.3103 0.2947 0.8374 

Sad 196 2477 255 516 0.4346 0.2753 0.3371 0.7761 

 SVM results Using DRLBP and MLBP features 

Angry 188 2118 658 480 0.2222 0.2814 0.2483 0.6696 

Happy 603 1436 321 1084 0.6526 0.3574 0.4619 0.5920 

Love 109 2872 195 268 0.3586 0.2891 0.3201 0.8656 

Sad 360 1722 1010 352 0.2628 0.5056 0.3458 0.6045 

 

 

Figure 2 to Figure 5 shows the results of precision, recall, f-measure, and accuracy for decision tree classifier using various 

feature descriptor 
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Figure.2. Precision Value using Decision tree classifier by 

taking different feature descriptors 

 

 
Figure.3. Recall value using Decision tree classifier by 

taking different feature descriptors

 

 

Figure.4. F-measure value using Decision tree classifier by 

taking different feature descriptors 

 

 

 
Figure.5. Accuracy using Decision tree classifier by taking 

different feature descriptors
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Figure.6.  Precision value using kNN classifier by taking 

different feature descriptors 

 

 

 

Figure.7. Recall value using kNN classifier by taking 

different feature descriptors 

 

 
 

 

Figure.8.  F-measure value using kNN classifier by taking 

different feature descriptors 

 

 

 

 

 

Figure.9. Accuracy using kNN classifier by taking different 

feature descriptors 
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Figure.10. Precision value using Naïve Bayes classifier by 

taking different feature descriptor 

 

 

 
 

Figure.11. Recall value using naïve bayes classifier by 

taking different feature descriptors 

 

 

 

 

 

 

 

 

Figure.12. F-measure value using naïve bayes classifier by 

taking different feature descriptors 

 

 

Figure.13. Accuracy using Naïve Bayes classifier by taking 

different feature descriptors 

Figure 10 to Figure 13 shows the results of precision, recall, 

f-measure, and accuracy for Naïve Bayes classifier using 

various feature descriptors.  
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Figure.14. Precision value using SVM classifier by taking 

different feature descriptors 

 

 

Figure.15. Recall value using SVM classifier by taking 

different feature descriptors 

 

 

 

Figure.16. F-measure value using SVM classifier by taking 

different feature descriptors 

 

 

 

Figure.17. Accuracy using SVM classifier by taking 

different feature descriptors 

Figure14 to Figure17 shows the results of precision, recall, 

f-measure, and accuracy for SVM classifier using various 

feature descriptors.  
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Figure.18. Precision value using different classifiers for 

proposed Hybrid feature descriptors 

 

 

 

Figure.19. Recall value using different classifiers for 

proposed Hybrid feature descriptors 

 

 

 

 

 

 

 

 
 

Figure.20. F-measure value using different classifiers for 

proposed Hybrid feature descriptors 

 

 

 

 

Figure.21. Accuracy using different classifiers for proposed 

Hybrid feature descriptors 
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        Proportion of expected positive observations to the whole positive observation is identified as precision shown in Figure 18. 

Proportion of appropriately expected positive observations to all observations in definite class yes is identified as recall shown in 

Figure 19. Weighted average of precision and recall is called f-score as shown in Figure 20. Accuracy is the proportion of true 

negative plus true positives to the true negatives plus true positives plus false negative plus false positive shown in Figure.21.  

5. CONCLUSION 

The proposed approach scrapes Twitter for raw image data and divides it into groups. Various parameters are used to measure the 

results. For classification, the four classification methods Naive Bayes, Decision Tree, SVM, and KNN are used. The LBP and its 

variants were used to extract features. A new hybrid solution has been implemented, which outperforms the current state of art 

techniques. Finally, the model's efficiency is evaluated using precision, recall, f-measure, and accuracy metrics. Resultant values 

prove the decision tree best among all for most of the categories. Precision value falls in b/w 0.370 and 0.75 for decision tree, 

0.30 to 0.56 for kNN where lowest precision is detected for Love emotion category and highest for happy category. Naïve-Bayes 

gives precision value in b/w 0.28 and 0.62 with least precision value noted for love category and highest for Happy category.  

Decision tree gives highest F-score value for four categories which is 0.4834, 0.7145, 0.3810 and 0.4829 for Angry, happy, Love 

and sad categories. Naïve Bayes Has F-measure in b/w 0.29 and 0.63 in which it gives highest F-score for Happy category when 

compared with other categories. For SVM, happy category has highest f-score and other categories have lowest value of f-score. 

Our experiments demonstrated that Deep Learning produces promising results in both emotion classification and sentiment 

analysis, even when using raw data collected directly from Twitter. 
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