On recognizing emotion of sadness in images of a general nature using CNN
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Sadness emotion recognition in images of general nature

Sadness emotion recognition in images of general nature is being
constructed as binary classification problem — answering whether image
expresses sadness emotion. We chose a convolutional neural network as the
mean for such classification.

Convolutional neural networks need for a large sets of images for
training. WEBEmo [1] may serve as such a set. WEBEmo dataset contains
about 268000 images. It is a large scale weakly-labeled image emotion
dataset for possible training of convolutional neural networks. This dataset
contains images of general nature, however part of images have some text.
Text may carry some emotion. In our case, we should to discard these
mentioned images. We have downloaded a part of WEBEmo dataset,
220854 images. We have selected randomly 18520 images with known
classes: 8549 images which are labeled as having visual sadness emotion
and remaining 9971 images which do not have sadness emotion. From the
initial 18520 image dataset we discarded images, having textual information,
and obtained 14901 total filtered images: 6697 images which are labeled as
having visual sadness emotion and remaining 8204 images which do not
have sadness emotion.

For discarding images containing textual meaning, we have trained a
special classifier that may answer whether images have texts inside them.
For this filtering out unnecessary content we have trained EfficientNetV2BO
[4] model with images from several datasets. For training of
EfficientNetV2BO we used 6627 images with some text inside from
ICDAR2017 robust reading challenge on coco-text [7] and 9720 general
purpose images, which do not have textual information from RGP [3].
Trained model achieved 99.31 % overall accuracy. One of the newest
convolutional neural network family EfficientNetV2 [4] was published in
2021. According to the authors it provided the best results on the ImageNet
[5] dataset classification task. This ImageNet ILSVRC2012 dataset contains
1,281,167 training images, 50,000 validation images and 100,000 test
images and classifier was trained to classify 1000 classes from mentioned
dataset. This EfficientNetV2 family of models outperforms previous models
by introducing more efficient blocks named MBConv and Fused-MBConwv.
Authors apply search space method based upon their older EfficientNetV1
backbone and they obtain model named EfficientNetV2-S [5].
EfficientNetV2B0O and EfficientNetV2B2 are scaled down versions of the
EfficientNetV2S backbone and are usually trained on the smaller image sizes,
thus they have less number of parameters. In our case, we took such a pre-
trained network that recognizes 1000 objects as an initial state for further
additional its training.

Another chosen model for our analysis is named Xception [2]. They
presented a step in-between regular convolution and the depthwise
separable convolution operation and at that time outperformed InceptionV3
[6] model. Their main introduction is a convolution layer named as
depthwise convolution. It is a spatial convolution performed independently
over each channel of an input, following by a pointwise convolution -
applying 1x1 convolution filter. This whole structure is commonly known as
Inception module. Authors improvement comes from the different order of
operations of mentioned Inception module and the usage of non-linearity
after the first operation. We used the pre-trained network using the
ImageNet [5] dataset. Both EfficientNetV2 and Xception were pre-trained on
the same data and for recognition of the same objects.

Training process of the chosen networks was carried out as follows:
14901 total filtered images dataset was split into 70 % subset for training, 15
% subset for validation and remaining 15 % for testing. Adagrad optimizer for
training was used with 0.001 learning rate parameter. Loss function for
evaluating models was sparse categorical cross entropy, input images were
provided as 150x150 colored images.

Results

The results of training and classification are presented in Tables [1-3]. We

see that EfficientNetV2 [4] networks outperformed Xception [2].
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In Table 1 results are presented from the previously mentioned filtered
out WEBemo dataset testing subset. We evaluated overall model accuracy
and F1 scores, separately we obtained classes named sadness and others F1
scores. We conducted another test without using pre-trained models from
ImageNet [5] to determine, whether using pre-trained weights produce
better results to our specific task.

Table 1: Trained models comparison results.

Model Overall accuracy (%) Sadness F1 OthersF1 Overall F1
Xception 72.53 0.70 0.75 0.73
EfficientNetV2BO 74.14 0.72 0.76 0.74
EfficientNetV2B2 74.18 0.71 0.77 0.74
EfficientNetV25S 75.57 0.74 0.77 0.76
Xception no-pretrain 63.53 0.62 0.65 0.64

Table 2: Trained models comparison results. Testing: UnbiasedEmo dataset.

Overall accuracy (%) SadnessFl OthersFl Overall F1

Xception 73.29 0.71 0.75 0.73
EfficientNetV2BO /73.54 0.72 0.75 0.74
EfficientNetV2B2 75.00 0.73 0.77 0.75
EfficientNetV2S 74.88 0.75 0.75 0.75
Table 3: Trained models comparison results. Testing: Emotion-6 dataset.
Model Overall accuracy (%) SadnessFl OthersFl Overall F1
Xception 69.10 0.62 0.74 0.70
EfficientNetV2B0 65.52 0.61 0.69 0.66
EfficientNetV2B2 68.88 0.62 0.74 0.70
EfficientNetV2S 68.95 0.65 0.72 0.70
Conclusions

Conducted study in terms of classifying sadness emotion allows us to
further understand domain knowledge of the topic better. It is possible
expand to more emotion categories conducting same experimental
approach. Primary experimental tests also shows challenges common to
convolutional neural networks — overfitting, appropriate learning
optimizer selection. Tested data on the trained models shows us higher F1-
score towards images labelled as others.
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