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Abstract: Scene description refers to the automatic generation of natural language descriptions from
videos. In general, deep learning-based scene description networks utilize multimodalities, such as
image, motion, audio, and label information, to improve the description quality. In particular, image
information plays an important role in scene description. However, scene description has a potential
issue, because it may handle images with severe compression artifacts. Hence, this paper analyzes
the impact of video compression on scene description, and then proposes a simple network that is
robust to compression artifacts. In addition, a network cascading more encoding layers for efficient
multimodal embedding is also proposed. Experimental results show that the proposed network is
more efficient than conventional networks.
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1. Introduction

Scene description networks, which input a sequence of images and output a sequence of words,
have been recently designed using long short-term memory (LSTM) models [1]. Because LSTM
stores long-term temporal information, it is widely used for sequence-to-sequence modeling. LSTM
was designed to overcome the vanishing gradient problem. Its memory cell can capture previous
information until the current time, and then update the current feature under three gates, which consist
of input, forget, and output gates. In addition, LSTM-based networks can embed various modalities,
such as image, motion, audio, and label information, to model the richness of the language employed
in human-generated descriptions. Figure 1 shows an example video with a human-annotated sentence
“a group of swimmers are swimming fast”. For example, the words “a group of swimmers” can be
simply recognized from the image information. However, the words “are swimming fast” are strongly
correlated with motion information. If the video contains the sound of swimming, audio information
will be very useful in generating the sentence. If the video contains label information, such as sports,
it will be easy to predict that the sentence that will be generated will be related to swimming. Hence,
the various modalities can complement each other in translating videos to language.
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Early deep learning-based scene description networks mainly used image information. A mean
pooling based network, proposed in [2], employs an average of features extracted from image
information. Because the average feature cannot consider an overall temporal structure, sequence
to sequence video to text (S2VT), introduced in [3], embeds the image features from each instance
in an encoder–decoder framework to enhance accurate sentence generation. In order to achieve
a better description performance, a multimodal video description network (MMVD) [4], which is
an extended version of S2VT, considers multimodal information features, such as image, motion,
audio, and label information. As shown in Figure 2, it uses LSTM encoding and decoding layers.
An encoder simultaneously inputs a sequence of the multimodal features. For instance, the features
are concatenated at each time step, to generate a single feature vector as an input of LSTM. This single
vector is encoded to a hidden state vector, which is represented as a fixed-length vector. A decoder
outputs a sequence of words from not only the encoded representation vector but also previous
words, as shown by the dashed line in Figure 2. The previous words represent ground truth words in
a training phase, but words with the maximum probability after a softmax during inference. The LSTM
parameters in MMVD are updated between the encoder and the decoder in such a way that the
log-likelihood of the predicted words can be maximized. Finally, a sentence is completed by collecting
the words that are an output of each LSTM.
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In order to further improve MMVD, a multirate multimodal video network was introduced to
encode images with different time intervals and consider motion speed differences to understand
a temporal structure of the videos [5]. A network proposed in [6] mines multimodal topics in an encoder,
guides a decoder with these topics, and then generates topic-aware descriptions. A multimodal
attention network introduced in [7] employs a temporal attention to selectively focus on multimodal
information. A category-aware ensemble model proposed in [8] employs efficient fusion of different
description models.

However, the previous studies only focused on the improvement of the scene description network
itself. They assume that the quality of input videos is always sufficient to generate accurate descriptions.
In general, the video quality is degraded by distortions that commonly occur during capture, storage
and transmission of videos. To overcome this problem, data augmentation methods were introduced
to enrich the dataset used in network training [9–12]. Particularly, videos are compressed to satisfy the
bitrate condition in a limited bandwidth. If the target bitrate is high enough, the video quality will
have no problem in the scene description. On the other hand, if the target bitrate is low, the videos will
be strongly compressed. This results in severe quality degradation, because of compression artifacts.
However, if the network is already well-trained in a given training dataset and is ready to be used for
the scene description, it is not practical to train the network with the data augmentation again. In this
paper, the proposed network embeds additional features extracted from videos of various quality to
deal with this problem during inference.

In addition, various features, such as image, motion, audio, and label information, are embedded
in the same encoding layer in the previous multimodal networks [5–8]. Regardless of the number
of features, they are embedded together. However, embedding each feature in the different layers,
by cascading more encoding layers to the network, may be considered. When a new feature is embedded,
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the proposed network simply stacks one more encoding layer. Experimental results indicate that the
proposed network cascading the multiple layers for the efficient multimodal embedding can improve
the description performance.

The remainder of this paper is organized as follows. Section 2 introduces video compression in
detail. In Section 3, efficient multimodal embedding is discussed. Finally, experimental results are
presented and the paper is concluded in Sections 4 and 5, respectively.

2. Video Compression

As images and videos are always transmitted in a limited bandwidth, image compression and video
compression are one of the important issues in multimedia applications. To transmit a single image,
image compression standards, such as JPEG (joint photographic experts group) [13], JPEG2000 [14],
and JPEG-LS [15], were developed. In order to compress consecutive images in videos, H.264/AVC
(advanced video coding) [16] and HEVC (high efficiency video coding) [17] are widely used as video
compression standards. Both H.264/AVC and HEVC adopted a block-based video compression scheme
with advanced technologies [18–21]. First, each block is predicted from already compressed images.
Second, an original block is subtracted from the predicted block. Third, residuals within this subtracted
block are transformed into frequency coefficients. Fourth, the transformed coefficients are quantized
to reduce their magnitude. Finally, the quantized coefficients are losslessly compressed by entropy
encoding. When a decoder receives the coefficients sent from an encoder, entropy decoding, inverse
quantization, and inverse transform are performed in order. For reconstruction, the residuals generated
after the inverse transform are added into a block predicted from previously reconstructed images.
During the video compression process, quantization leads to data loss that is irreversible, so inverse
quantization cannot recover the original data. Figure 3 shows a general video compression process.
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In general, both H.264/AVC and HEVC encoders can determine compression types according to
target applications. If videos are used in error sensitive applications, such as medical imaging, lossless
compression is performed. Otherwise, lossy compression is performed in most cases. If an original
video is losslessly compressed, there will be no quality degradation during the compression. Hence,
the quality of the original and reconstructed videos will be same. However, if the lossy compression is
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used, the quality degradation of the reconstructed video will depend on a quantization parameter (QP)
value, which directly decides how much the original video is compressed. The QP can have values
between 0 and 51. If a target bitrate is high, the QP should have low values. If a target bitrate is low,
the QP should have high values. Usually, high QP values generate significant distortions.

Figure 4 indicates the first images in reconstructed video examples that were compressed with
QPs of (a) 20, (b) 40, and (c) 50, and difference images between the original and reconstructed images.
The brighter the pixel value in the difference images, the more severe the compression distortion.
As shown in Figure 4, the quality of the reconstructed video is significantly low, when QP is equal to
40 or 50. In particular, compression artifacts, such as blocking artifact, are visible. However, when QP
is equal to 20, the quality difference is negligible. Therefore, it can be concluded that the compression
artifacts significantly deteriorate the quality of the reconstructed video, when the high QP values are
used. It should be noted that other coding parameters can generate the different compression artifacts,
such as temporal flickering, but only the blocking artifacts are considered in this paper. Meanwhile,
since most of videos are stored in a compressed format, scene description networks will mainly use
the reconstructed videos rather than the original videos. If the quality of these reconstructed videos
is very low because of the compression artifacts, it will have a negative influence on the description
quality of the scene description networks. The previous networks are vulnerable to the compression
artifacts, because both training and testing datasets used in the experiments do not contain severe
compression artifacts. Based on this observation, this paper proposes a simple network that is robust
to compression artifacts.
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(c) reconstructed image with a QP of 50 and its difference image.
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Figure 5 illustrates the proposed network considering videos with n qualities. It is assumed that
the network is already trained with a given training dataset, and the quality of the training dataset is
unknown. First, the proposed network compresses an original video with n different QPs, as shown
in Figure 5. Therefore, n reconstructed videos from r1 to rn are generated. For example, if n is set to
four, four different quality videos from r1 to r4 can be reconstructed with QPs of 0, 20, 40, and 50.
Setting the QP to 0 indicates that lossless coding is being performed. Hence, r1 will be the same as
the original video. Second, these four features are embedded into the network encoder. If the video
quality of the training dataset is high, the r1 and r2 features will be helpful for generating an accurate
description. On the other hand, if the video quality is very low, the r3 and r4 features will be useful.
Finally, an ensemble model selects the words with the maximum probability among the n candidate
words from cw1 to cwn generated from the network decoder. Similarly, if the quality of the training
dataset is high, it is highly possible that cw1 or cw2 is determined. On the other hand, if the quality
is low, cw3 or cw4 will be chosen. To summarize, as the video quality of the dataset employed for
the network training is unknown, the proposed network compresses the original video with n QPs,
inputs the n reconstructed videos of various quality, and then outputs the optimum words among the n
candidates. MMVD was employed for the experiments in this paper, as the scene description network.
However, the proposed method can be easily applied to all previously developed networks by simply
adding the video compression process that generates the n inputs right before the networks, and the
ensemble model that finds the optimum sentence among the n outputs right after the networks.
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3. Multimodal Embedding

As a video contains various information, such as image, motion, audio, and label information,
it should be embedded to a scene description network with a predefined rule. In MMVD, as displayed
in Figure 2, they are embedded in the same encoding layer, regardless of the number of features.
The number of encoding and decoding layers is only one. Most previous studies have designed
networks similar to MMVD, which embeds the various information features into the single encoding
layer. However, through exhaustive experiments, it was observed that each information feature
can be embedded in different encoding layers to improve the description performance. Therefore,
the proposed network embeds each feature into the different layers by cascading the encoding layers
in the encoder, while maintaining to use a single layer in the decoder to reduce the computational
complexity. In addition, it was also observed that proper embedding of the multimodal features
contributes to improvement of the description performance.
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Figure 6 indicates the proposed network, when only one feature is available. The first encoding
layer inputs the feature and encodes it to the hidden representation vector. The second layer encodes
the vector again. The decoder performs the same as MMVD. The reason why the proposed network
stacks one more encoding layer is to deep-encode an input information feature. When the multimodal
features are embedded, it is very helpful if the last layer encodes them once more, right before the
decoder starts to generate words. It should be noted that a convolutional neural network (CNN) layer
is added, when the image information is embedded into the network. Each CNN extracts the feature
from the image at each time instance. If the other information, such as audio and label information,
is embedded, the CNN layer may be removed.
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Figure 6. Proposed network when only one feature is available.

As displayed in Figure 2, MMVD embeds various information features into the single encoding
layer. This makes it possible that some features are not fully encoded, but should be immediately ready
to be decoded. Because each feature has different characteristics, it is better if they are embedded in the
different encoding layers. Figure 7 illustrates the proposed network, when multimodal features are
available. When the features are additionally embedded, the proposed network simply cascades the
encoding layers. For example, if the number of multimodal features is two, one more encoding layer is
added on top of the network encoder in Figure 6. If the number of features is three, four encoding
layers are needed. If the number of features is n−1, n layers are required in the proposed network,
as shown in Figure 7. Hence, the total number of cascaded encoding layers is proportional to the
number of the multimodal features in the proposed network. However, the number of the decoding
layers is one to maintain the computational complexity. The nth encoding layer, which is the last layer
in the encoder, plays a role that encodes all the embedded features once more, right before delivering
them to the decoder.
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4. Results

To analyze the impact of video compression and multimodal embedding on scene description,
various datasets and information features were employed. First, the impact of the video compression
on the scene description was analyzed with H.264/AVC [16], the S2VT network [3], image features
extracted from a VGG model [22], and the Microsoft video description corpus (MSVD) dataset [23].
The MSVD dataset contains 1970 YouTube videos, which are split into a training dataset of 1200 videos,
a validation dataset of 100 videos, and a testing dataset of 670 videos. Its average duration is about 9 s.
Next, for the analysis of the multimodal embedding in the scene description, four different features,
such as image, motion, audio, and label information, were used. For example, Inception-v4 (V4) was
used for the image information feature [24], and the two-stream inflated 3D convolutional neural
network (I3D) was employed as the motion information feature [25]. The mel-frequency cepstral
coefficient (MFCC), which is derived from a type of cepstral representation of the sampled audio clips,
was considered as the audio information feature [26]. The label feature was provided from the video
metadata, and its feature was simply represented as a one-hot vector. In this experiment, the networks
were trained on the Microsoft video-to-text dataset (MSR-VTT 2016) [27], which is a large-scale
dataset consisting of 10,000 videos. It includes a training dataset of 6513 videos, a validation dataset
of 497 videos, and a testing dataset of 2990 videos. Each video clip is annotated with 20 natural
language descriptions, it is tagged with one of 20 labels, and its duration is between 10 and 30 s.
In all experiments, initial values for the trainable weights were set to random values with uniform
distribution between −0.1 and 0.1, and the Adam optimizer with a learning rate of 0.0001 was used to
optimize the model. The size of the LSTM hidden state was set to 1024, and dropout regularization
with a rate of 0.5 was employed. In order to evaluate the description performance of the proposed
network, four different evaluation matrices, BLEU4 [28], METEOR [29], ROUGE-L [30], and CIDEr [31],
were employed. For example, BLEU4 measures the word similarity between two sentences [28],
whereas METEOR and LOUGE-L measure the semantic similarity [29] and sentence level structure
similarity [30], respectively. CIDEr considers not only the sentence similarity but also grammaticality,
saliency, importance, and accuracy [31].

Table 1 illustrates the description performance of the proposed network (Figure 5), when the
original MSVD dataset and its low quality dataset were used for the network training. The low quality
dataset with compression artifacts was generated with high compression. In a similar way, during
inference, to generate a testing video with different quality from r1 to rn in Figure 5, video compression
with various QPs was performed. Even though all possible QPs from 0 to 51 can be used in the
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proposed network, only four different QPs, 0, 20, 40, and 50, were used in this experiment. Therefore,
the r1, r2, r3, and r4 features were extracted from the reconstructed videos compressed with QPs of
0, 20, 40, and 50, respectively. As displayed in Table 1, the proposed network embedding the image
features with various qualities improves the description performance in all scores, compared to the
conventional S2VT network only considering the original quality.

Table 1. Description performance of the proposed network (Figure 5), when the original MSVD dataset
and its low quality dataset were used for the network training.

Dataset Quality Network BLEU4 METEOR ROUGE-L CIDEr

Original S2VT [3] 0.346 0.294 0.641 0.546
Proposed 0.347 0.294 0.643 0.560

Low quality S2VT [3] 0.297 0.268 0.619 0.413
Proposed 0.310 0.273 0.629 0.456

Table 2 represents the description performance of the high (r1 and r2) and low (r3 and r4) quality
features in the proposed method, respectively. When the original dataset was used for the training,
the high quality features were much better than the low quality features. However, when the low quality
dataset was used, the low quality features were more useful. It can also be observed that the description
performance of the r1 to r4 features in Table 1 is exactly same as that of the high quality features, when
the original dataset was used. When the low quality dataset was used, the performance of the low
quality features was the same as that of the r1 to r4 features. This indicates that the improvement can
only be achieved when the various quality of the reconstructed videos used during inference covers
the quality of the dataset used for the network training. Sometimes, it is not known what kind of
dataset is employed for the training. The dataset quality may be high enough, or the quality may be
very low, because of the compression artifacts. For example, wireless multimedia sensor networks
cannot guarantee that the video quality of the collected training dataset is sufficiently high, due to
a limited bandwidth. Because the proposed network can utilize image information of various quality,
it can achieve a relatively higher performance than the conventional network, regardless of the quality
of the training dataset.

Table 2. Description performance of the high and low quality features in the proposed network, when
the original MSVD dataset and its low quality dataset were used for the network training, respectively.

Dataset Quality Features BLEU4 METEOR ROUGE-L CIDEr

Original r1 and r2 0.347 0.294 0.643 0.560
r3 and r4 0.325 0.280 0.630 0.521

Low quality r1 and r2 0.303 0.271 0.627 0.452
r3 and r4 0.310 0.273 0.629 0.456

Table 3 illustrates the description performance of the proposed network (Figure 7), when the
multimodal features of the image, motion, audio, and label information were used. The features were
extracted from the original MSR-VTT 2016 dataset. The proposed network cascades the additional
encoding layers according to the number of features. However, the single decoding layer is always
used to reduce the computational complexity. In the result, i, m, a, and l stand for the image, motion,
audio, and label information, respectively, and ael refers to the additional encoding layer to encode the
features once more. If two features are used, n becomes three and they are embedded in the first and
second encoding layers. If four features are all used, n becomes five and they are embedded in the first
to fourth layers. As shown in Table 3, as additional features are added, the overall performance of
the proposed network increases. For example, when the audio feature is embedded with the image
feature, its performance is much better than when only the image feature is used. The performance can
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be drastically boosted by incorporating the motion and label features. Based on these experiments,
the highest description performance was obtained when MFCC for the audio, one-hot vector for the
label, I3D for the motion, and V4 for the image were embedded in the first, second, third, and fourth
layers, respectively. The last layer, which is the fifth layer, encodes these features once more, right before
the decoding layer receives the encoded vectors.

Table 3. Description performance of the proposed network (Figure 7), according to the combination of
the features, which are image (i), motion (m), audio (a), and label (l) features.

n
Layers

BLEU4 METEOR ROUGE-L CIDEr
1 2 3 4 5

1 i - - - - 0.367 0.271 0.588 0.430
2 i ael - - - 0.369 0.271 0.589 0.431
3 a i ael - - 0.380 0.273 0.597 0.439
4 a m i ael - 0.391 0.279 0.605 0.462
5 a l i ael - 0.392 0.279 0.605 0.463
5 a l i m ael 0.395 0.281 0.608 0.472
5 a m l i ael 0.397 0.282 0.604 0.474
5 a l m i ael 0.407 0.282 0.612 0.473

Table 4 compares the proposed network with MMVD, when the original MSR-VTT 2016 dataset
was used. In the proposed network using the five encoding layers, based on Table 3, MFCC, label, I3D,
and V4 features were embedded in the first, second, third, and fourth layers, respectively. In addition,
a beam search method was applied to the proposed network to improve the quality of the generated
descriptions. The main contribution of the beam search is to determine the most relevant translation
from a set of possible candidate words. It can be observed that the proposed network cascading the
multiple encoding layers outperformed MMVD using the single layer. As additional information,
the proposed network was compared with CST [32]. CST indicates a consensus-based sequence-training
network, which is the first network that practically applies a reinforcement learning (RL) algorithm
to the scene description. RL employs the sentence score as a reward, and the network model tries to
maximize this reward. As CST employs the CIDEr matrix to calculate this score, the corresponding
score is drastically improved up to 0.542. To fairly compare the proposed network with CST, RL was
applied to the proposed network. Similar to MMVD, CST concatenates the multimodal features,
and then embeds them into the same encoding layer. The result shows that the proposed network is
very competitive, in comparison with CST. For example, the scores of the proposed network and CST
are similar, in terms of METEOR, ROUGE-L, and CIDEr, but the proposed network achieves much
higher scores than CST in BLEU4.

Table 4. Description performance of MMVD [4], CST [31], and the proposed network.

RL Network BLEU4 METEOR ROUGE-L CIDEr

Not Applied MMVD [4] 0.395 0.277 0.610 0.442
Proposed 0.429 0.293 0.619 0.502

Applied CST [32] 0.414 0.288 0.622 0.542
Proposed 0.430 0.286 0.625 0.539

5. Conclusions

This paper investigated the impact of video compression and multimodal embedding on the
scene description. The experimental results demonstrate that the description performance can be
improved when the features extracted from the reconstructed images of various quality are used
together during inference. It was also observed that multimodal embedding can be performed in the
different encoding layers. The proposed network simply cascades the layers to efficiently perform



Electronics 2019, 8, 963 10 of 11

multimodal embedding, according to the number of the multimodal features. The results show that
the proposed network is more efficient than the conventional networks.
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