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Abstract 

Automatic caption generation with attention mechanisms aims at generating more 
descriptive captions containing coarser to finer semantic contents in the image. In this 
work, we use an encoder-decoder framework employing Wavelet transform based 
Convolutional Neural Network (WCNN) with two level discrete wavelet decomposition 
for extracting the visual feature maps highlighting the spatial, spectral and semantic 
details from the image. The Visual Attention Prediction Network (VAPN) computes both 
channel and spatial attention for obtaining visually attentive features. In addition to 
these, local features are also taken into account by considering the contextual spatial 
relationship between the different objects. The probability of the appropriate word 
prediction is achieved by combining the aforementioned architecture with Long Short 
Term Memory (LSTM) decoder network. Experiments are conducted on three bench-
mark datasets—Flickr8K, Flickr30K and MSCOCO datasets and the evaluation results 
prove the improved performance of the proposed model with CIDEr score of 124.2.

Keywords: Image captioning, Wavelet transform based Convolutional Neural 
Network, Visual Attention Prediction, Contextual Spatial Relation Extraction

Introduction
Images are extensively used for conveying enormous amount of information over inter-
net and social media and hence there is an increasing demand for image data analytics 
for designing efficient information processing systems. This leads to the development 
of systems with capability to automatically analyze the scenario contained in the image 
and to express it in meaningful natural language sentences. Image caption genera-
tion is an integral part of many useful systems and applications such as visual question 
answering machines, surveillance video analyzers, video captioning, automatic image 
retrieval, assistance for visually impaired people, biomedical imaging, robotics and so 
on. A good captioning system will be capable of highlighting the contextual information 
in the image similar to human cognitive system. In the recent years, several techniques 
for automatic caption generation in images have been proposed that can effectively solve 
many computer vision challenges.
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Basically image captioning is a two step process, which involves a thorough under-
standing of the visual contents in the image followed by the translation of these infor-
mation to natural language descriptions. Visual information extraction includes the 
detection and recognition of objects and also the identification of their relationships. 
Initially, image captioning is performed using rule based or retrieval based approaches 
[1, 2]. Later advanced image captioning systems are designed using deep neural archi-
tectures that uses a Convolutional Neural Network (CNN) as encoder for visual feature 
extraction and a Recurrent Neural Network (RNN) as decoder for text generation [3]. 
Algorithms using Long Short Term Memory (LSTM) [4, 5] and Gated Recurrent Unit 
(GRU) [6] are introduced to obtain meaningful captions. Inclusion of attention mecha-
nism in the model helps to extract the most relevant objects or regions in the image [7, 
8], which can be used for the generation of rich textual descriptions. These networks 
localize the salient regions in the images and produce improved image captions than 
previous works. However, they failed to extract accurate contextual information from 
images, defining the relationship between various objects and between each object and 
the background, and to project the underlying global and local semantics.

In this work, an image captioning method is proposed that uses discrete wavelet 
decomposition along with convolutional neural network (WCNN) for extracting the 
spectral information in addition to the spatial and semantic features of the image. An 
attempt is made to enhance the visual modelling of the input image by the incorpora-
tion of DWT pre-processing stage together with convolutional neural networks that 
helps to extract some of the distinctive spectral features, which are more predominant 
in the sub band levels of the image in addition to the spatial, semantic as well as channel 
details. This helps to include more finer details of each object, for example, the spatial 
orientation of the objects, colour details etc. In addition to these, it helps to detect the 
visually salient object/region in the image that draws more attraction similar to human 
visual system due to its peculiar features with respect to the remaining regions. A Visual 
Attention Prediction network (VAPN) and Contextual Spatial Relation Extractor (CSE) 
are employed to extract the fine-grained semantic and contextual spatial relationship 
existing between the objects, gathered from the feature maps obtained using WCNN. 
Finally, these details are fed to LSTM network for generating the most relevant captions. 
The word prediction capability of the LSTM decoder network can be improved through 
the concatenation of attention based image feature maps and contextual spatial feature 
maps with the previous hidden state of the language generation model. This enhances 
the sentence formation greatly, as each word in the generated sentence focuses only on 
particular spatial locations in the image and its contextual relation with other objects in 
the image.

The contributions made in this work are: 

1 An image caption generation technique incorporating semantic, spatial, spectral and 
contextual information contained in the image is proposed.

2 A Visual Attention Prediction network is employed to perform atrous convolution 
on the feature maps generated by WCNN for extracting more semantic contents 
from the image. Both channel as well as spatial attention are computed from these 
feature maps.
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3 A Contextual Spatial Relation Extractor that utilizes the feature maps generated by 
WCNN model for predicting region proposals to detect spatial relationship between 
different objects in the image.

The performance of the method is evaluated using three benchmark datasets—Flickr8K, 
Flickr30K and Microsoft COCO datasets and comparison is done with the existing 
state-of-the-art methods using the evaluation metrics—BLEU@N, METEOR, ROUGE-L 
and CIDEr.

The organization of the paper is as follows: First a brief descriptions about the previ-
ous works in image captioning, which is followed by the proposed model architecture 
and detailed experiments and results. Finally the conclusion of the work is also provided.

Related works
In order to generate an appropriate textual description, it is necessary to have a bet-
ter understanding about the spatial and semantic contents of the image. As mentioned 
above, the initial attempts of image caption generation are carried out by extracting the 
visual features of the image using conditional random fields (CRFs) [9, 10] and translat-
ing these features to text using sentence template or combinatorial optimization algo-
rithms [1, 11, 12]. Later retrieval based approaches are used to produce captions that 
involves the process of retrieving one or a set of sentences from a pre-specified sentence 
pool based on visual similarities [2, 13]. The evolution of deep neural network architec-
tures helps to have visual and natural language modelling in a superior manner by gener-
ating more meaningful descriptions of the image.

The inclusion of additional attention mechanisms in the encoder—decoder framework 
helps to extract more appropriate semantic information from the image and thereby 
creating captions that look similar to human generated captions [14–16]. An encoder–
decoder model capable of detecting dynamically attentive salient regions in the image 
during the creation of textual descriptions is proposed by Xu et al. [17]. Yang et al. [18] 
proposed a review network with enhanced global modelling capabilities for image cap-
tion generation. A Fusion-based Recurrent Multi-Modal (FRMM) model consisting of 
CNN-LSTM framework together with a fusion stage generates captions by combining 
visual and textual modality outputs [19]. A better comprehensive description can be gen-
erated using a Recurrent Fusion Network (RFNet) [20] or by modifying the CNN-LSTM 
architecture by incorporating semantic attribute based features [21] and context-word 
features [22]. Attempts are also made by simultaneously introducing a dual attention 
strategy in both visual as well as textual information to improve the image understand-
ing [23, 24]. Better descriptions can be produced using multimodal RNN framework 
that makes use of inferred alignments between segments of the image and sentences 
describing them [25]. To make mandatory correspondence between descriptive text 
words and image regions effective, Deng et al. proposed a Dense network and adaptive 
attention technique [26]. A multitask learning method through a dual learning mecha-
nism for cross-domain image captioning is proposed in [27]. It uses reinforced learning 
algorithm to acquire highly rewarded captions. Attempts for better caption generation 
has also been done with the development of algorithms with multi-gate attention net-
works [28], CaptionNet model with reduced dependency on previously predicted words 
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[29], context aware visual policy networks [30] and adaptive attention mechanisms [31–
33]. A new positional encoding scheme is proposed for enhancing the object features 
in the image, which greatly improves the attention information for generating more 
enriched captions is presented in [34]. A novel technique to understand the image and 
language modality configuration for achieving better semantic extraction from images 
using anchor points are presented in [35]. Visual language modelling can also be accom-
plished using a Task-Agnostic and Modality Agnostic sequence-to-sequence learning 
framework [36]. Another image captioning technique employs a configuration that uti-
lizes a set of memory vectors together with meshed connectivity between encoding and 
decoding sections of the transformer model [37]. A scaling rule for image captioning 
is proposed in [38] by introducing a LargE-scale iMage captiONer (LEMON) dataset, 
which is capable of identifying long-tail visual concepts even in a zero shot mechanism. 
[39] presents a novel methodology for vision language task that is pre-trained on much 
larger text-image corpora and is able to collect much better visual features or concepts.

Even though these approaches perform well in image caption generation, they still 
lack the inclusion of fine grained semantic details as well as contextual spatial relation-
ship between different objects in the image, which need to be improved further with 
enhanced network architectures. Also, due to the presence of multiple objects in the 
image, it is very essential that the visual contextual relationship between objects must be 
in correct sequential order to generate a caption with which the contents in the image is 
better represented. This can be solved by introducing attention mechanisms and consid-
ering the spatial relationship between objects in the model.

Model architecture
The model consists of an encoder-decoder framework with VAPN, that converts an input 
image I to a sequence of encoded words, W = [ w1 , w2,...wL ], with wi ∈ RN , describing the 
image, where L is the length of the generated caption and N is the vocabulary size. The 
detailed architecture is presented in Fig. 1. The encoder consists of the WCNN model 
that incorporates two levels of discrete wavelet decomposition combined with CNN lay-
ers to obtain the visual features of the image. The features maps F1 and F2 obtained from 
the CNN layers are bilinearly downsampled and are concatenated together with F3 and 
F4 to produce a combined feature map, Fin of size, 32×32×960. This is then given to the 
VAPN for obtaining attention based feature maps that highlights the semantic details in 
I by exploiting channel as well spatial attention. In order to extract the contextual spatial 
relationship between the objects in I, the feature map of level L4 of WCNN, F4 , is given 
to the CSE network as shown in Fig. 1. The contextual spatial feature map, Fcse , gener-
ated by the CSE network is concatenated with the attention based feature map, FAtt , to 
produce Fo and is provided to the language generation stage consisting of LSTM decoder 
network [40]. The detailed description of the technique is presented below.

Wavelet transform based CNN model

The image is resized to 256×256 and is split up into R, G and B components. Then each 
of these planes is decomposed into details and approximations using low pass and high 
pass discrete wavelet filters. In this work, two levels of discrete wavelet decomposition 
are used that results in the formation of LL, LH, HL and HH sub-bands, where L and H 



Page 5 of 18Sasibhooshan et al. Journal of Big Data           (2023) 10:18  

represents the low frequency and high frequency components of the input. In the second 
level decomposition, only the approximations (LL) of R, G and B will be further decom-
posed for each of the three components. These components are then stacked together at 
each level and are concatenated with the outputs of the first two levels of CNN having 
four levels ( L1 to L4 ) consisting of multiple convolutional layers and pooling layers of 
kernel size 2 × 2 with stride 2 as shown in Fig. 1. The details of various convolution layers 
are given in Tables 1 and  2.

Fig. 1 Proposed model architecture

Table 1 Details of various convolutional layers in WCNN model

Sl. No. Level Name of convolutional 
layers

Kernel size/No. of filters Output size

1 L1 Conv 1_1 3x3/64 256x256x64

2 Conv 1_2 3x3/64 256x256x64

3 Maxpool1 2x2/64/stride 2 128x128x64

4 L2 Conv 2_1 3x3/128 128x128x128

5 Conv 2_2 3x3/128 128x128x128

6 Maxpool2 2x2/128/stride 2 64x64x128

7 L3 Conv 3_1 5x5/256 64x64x256

8 Conv 3_2 5x5/256 64x64x256

9 Conv 3_3 5x5/256 64x64x256

10 Maxpool3 2x2/256/stride 2 32x32x256

11 L4 Conv 4_1 7x7/512 32x32x512

12 Conv 4_2 7x7/512 32x32x512

13 Conv 4_3 7x7/512 32x32x512
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The image feature maps F1 through F4 so obtained are then given to the VAPN network 
for extracting the inter-spatial as well as inter-channel relationship between them.

Visual attention predictor network

To have good insight of the visual features of the image for acquiring the most relevant cap-
tion, it is necessary to extract out the semantic features from the input image feature maps, 
F1 through F4 . The size, shape, texture features etc. of the objects vary in an image, which 
causes difficulties in its identification or recognition. To tackle these situations, atrous con-
volutional network with multi-receptive field filters are employed, which extracts out more 
semantic details from the image as these filters are capable of delivering a wider field of 
view at the same computational cost. In this work, four multi-receptive filters—one having 
64 filters of kernel size 1 × 1, and the rest three of kernel size 3 × 3 each with 64 filters of dila-
tion rates 3, 5 and 7, respectively, are used. The combined feature map, Fin , is subjected to 
atrous convolution and the resultant enhanced feature map of size 32×32×256, is given to a 
sequential combination of channel attention (CA) network and spatial attention (SA) net-
work as illustrated in Fig. 2. The CA network examines the relationship between channels 
and more weight will be assigned to those channel having attentive regions to generate the 
refined channel attention map, whereas the SA network generates a spatial attention map 
by considering the spatial details between various feature maps.

For more accurate descriptions, the weights of channel attention and spatial attention, 
WC and WS are computed by considering ht−1 ∈ RD , the hidden state of LSTM memory at 
(t − 1) time step [14]. Here D represents the hidden state dimension. This mechanism helps 
to include more contextual information in the image during caption generation.

In the channel-wise attention network, the feature map of Fin ∈ RH×W×C is first average 
pooled channel-wise to obtain a channel feature vector, VC ∈ RC , where H, W and C repre-
sent the height, width and total number of channels of the feature map, respectively.

Then channel attention weights, WC can be computed as,

where W ′

C ∈ RK  , Whc ∈ RK×D and Wo ∈ RK  are the transformation matrices with K denot-
ing the common mapping space dimension of image feature map and hidden state of 
the LSTM network, ⊙ and ⊕ represent the element-wise multiplication and addition of 

(1)VC = [v1, v2...vc]

(2)XC =tanh((W
′

C ⊙ VC + bC)⊕Whcht−1)

(3)WC =softmax((WoXC + bo)

Fig. 2 Structure of VAPN
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vectors, bC ∈ RK  and bo ∈ R1 denote the bias terms. Then Fin is element-wise multiplied 
with WC and the resultant channel refined feature map, Fch , is given to the spatial atten-
tion network.

In the spatial attention network, the weights, WS , can be calculated with flattened Fch , 
as follows,

where W ′

S ∈ RK×C , Whs ∈ RK×D and W ′

o ∈ RK  are the transformation matrices, bS ∈ RK  
and b′

o ∈ R1 denote the bias terms. After this, Fin is element-wise multiplied with WS to 
obtain the attention feature map, FAtt , highlighting the semantic details in the image.

Contextual spatial relation extractor

Rich image captioning can be achieved only through the exploitation of contextual 
spatial relation between the different objects in the image in addition to the semantic 
details. For this, first the regions occupied by the various objects are identified using a 
network configuration similar to Faster RCNN [41] incorporating WCNN model and 
RPN along with classifier and regression layers for creating bounding boxes. The fea-
ture map F4 from level L4 of WCNN model is given as input to the Region Proposal 
Network (RPN) for finding out the object regions in the image. Then these objects are 
paired and different sub images containing each of the identified object pairs are created 
and resized to 32× 32 for uniformity. Each of these sub images are given to the CNN lay-
ers with three sets of 64 filters, each with receptive field of 3 × 3, to generate the features 
describing spatial relations between the object pairs. The spatial relation feature maps 
of each object pair is then stacked together and is given to 1 ×1× 64 convolution layer to 
form the contextual spatial relation feature map, Fcse , of size 32×32×64, which is further 
concatenated with FAtt to obtain Fo and is given to the LSTM for the generation of the 
next caption word.

The prediction of the output word at time step t, is nothing but the probability of select-
ing suitable word from the pre-defined dictionary containing all the caption words.

The model architecture is trained to optimize the categorical cross entropy loss, LCE , 
given by

where y1:t−1 represents the ground truth sequence and θ represents the parameters. The 
self-critical training strategy [42] is used in this method to solve the exposure bias prob-
lem during the optimization with cross-entropy loss alone. Initially, the model is trained 

(4)XS = tanh((W
′

S ⊙ Fch + bS)⊕Whsht−1)

(5)WS = softmax(W
′

oXC + b
′

o)

(6)ht = LSTM(ht−1, Fo, yt−1)

(7)yt = softmax(ht , yt−1)

(8)LCE(θ) = −

T∑

t=1

log(pθ (yt | y1:t−1))
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using cross-entropy loss and is further optimized in a reinforced learning technique with 
self-critical loss for achieving the best CIDEr score as reward on validation set.

Experiments and results
The detailed description of the datasets used and the performance evaluation of the 
proposed method are presented in this section. Both quantitative as well as qualitative 
analysis of the method is carried out and is compared with the existing state-of-the-art 
methods.

Datasets and performance evaluation metrics used

The experiments are conducted on three benchmark datasets: (1) Flickr8K (8,000 
images) [43], (2) Flickr30K (31,000 images) [44] and (3) Microsoft COCO dataset 
(82,783 images in training set, 40,504 images in validation set and 40,775 images in test 
set) [45]. All the images are associated with five sentences. Among these for the Flickr8K 
dataset, we have selected 6,000 images for training, 1,000 images for validation and 1,000 
images for testing as per the official split of the dataset. For fair comparison with pre-
vious works, the publicly available Karpathy split for Flick30K and Microsoft COCO 
datasets have been adopted [46]. As per this, the Flickr30K dataset split is set to 29,000 
images for training, 1,000 images for validation and 1,000 images for testing. In the case 
of MSCOCO dataset, the split is set as 5,000 images for validation, 5,000 images for test-
ing and all others for training. The textual descriptions are pre-processed with the pub-
licly available code in https://github.com/karpathy/neuraltalk, so that all the captions are 
converted to lowercase and the non-alphanumeric characters are discarded. Each cap-
tion length is limited to 40 and those words whose occurrence is less than five times in 
the ground truth sentences are removed from the vocabulary.

The performance evaluation of the proposed captioning model is done using the evalu-
ation metrics—Bilingual Evaluation Understudy (BLEU@N (for N=1,2,3,4)) [47], Metric 
for Evaluation of Translation with Explicit ORdering (METEOR) [48], Recall-Oriented 
Understudy for Gisting Evaluation (ROUGE) [49] and Consensus-based Image Descrip-
tion Evaluation (CIDEr) [50] denoted as B@N, MT, R and CD, respectively. These met-
rics measures the consistency between n-gram occurrences in the caption generated and 
the ground-truth descriptions. It should be noted that the fair comparison of the results 
are reported by optimizing the methods with cross entropy loss.

Implementation details

To encode the input image to visual features, the Wavelet transform based CNN model 
with Birothogonal 1.5 wavelet (bior 1.5) [51] pretrained using ImageNet dataset [52] is 
used. For the modified Faster R-CNN configuration used in the Contextual spatial rela-
tion extractor, we have used an IoU threshold of 0.8 for region proposal suppression, 
and 0.2 for object class suppression, respectively. The LSTM employed in the decoding 
section is having a hidden state dimension set as 512, respectively. The caption gener-
ation process terminates with the occurrence of a special END token or if predefined 
max sentence length is reached. Batch normalization is applied to all convolutional lay-
ers with decay set as 0.9 and epsilon as 1e-5. Optimization of the model is done using 
ADAM optimizer [53] with an initial learning rate of 4e-3. The exponential decay rates 
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for the first and second moment estimates are chosen as (0.8, 0.999). The mini batch size 
for the Flickr8K, Flickr30K and MSCOCO dataset are taken as 16, 32 and 64. The self 
critical training strategy is employed in the implementation, where the model is trained 
initially for 50 epochs with the cross-entropy loss and it is further fine tuned with 15 
epochs using the self-critical loss for achieving the best CD score on validation set. To 
avoid overfitting, dropout rate is set as 0.2 and L2 regularization with weight decay value 
set as 0.001. For the word vector representation of each word, 300 dimensional GloVe 
word embeddings [54] pre-trained on a large-scale corpus is employed in this work. For 
the selection of best caption, BeamSearch strategy [3] is adopted with a beam size of 5, 
which selects best caption from few selected candidates. The proposed image caption-
ing framework is implemented using TensorFlow 2.3. To train the proposed method, we 
used Nvidia Tesla V100 with 16GB with 5120 CUDA cores.

Analysis for the selection of appropriate mother wavelet

The choice of the mother wavelet has been done by analyzing the performance of the 
proposed method on four different wavelet families—Daubechies wavelets (dbN), 
biorthogonal Wavelets (biorNr.Nd), Coiflets (CoifN) and Symlets (SymN), where N 
represents number of vanishing moments, Nr and Nd denotes the number of vanish-
ing moments in the reconstruction and decomposition filters, respectively. Table 2 gives 
the detailed performance results of the proposed image captioning method for Flickr8K, 
Flickr30K and MSCOCO datasets. Here a model consisting of WCNN with two-level 
DWT decomposition, VAPN and LSTM alone is considered. The contextual spatial rela-
tion extractor is not taken into account for this experimentation. In this, the baseline 
method (BM) is a model similar to the one described above without DWT decomposi-
tion. From Table  2, it is evident that bior1.5 is giving good results compared to other 
wavelets used in the experimentation. This is because it employs separate scaling and 
wavelet functions for decomposition and reconstruction purposes. Biorthogonal wave-
lets exhibit the property of linear phase and allow additional degrees of freedom when 
compared to orthogonal wavelets.

Table 2 Performance results of the proposed image captioning method for different mother 
wavelets. Here BM denotes the baseline method

The highest values for each of the metrics are given in bold

Mother wavelet Flickr8K Flickr30K MSCOCO

B@4 CD B@4 CD B@4 CD

BM 24.43 58.31 23.68 57.89 35.78 118.02

db1 25.77 59.37 24.87 58.91 36.57 119.84

db4 25.86 59.56 25.01 59.14 36.82 119.95

bior1.5 26.34 60.58 25.30 60.13 37.14 120.41
bior2.4 26.18 60.52 25.32 60.02 37.01 120.16

bior3.5 26.04 60.19 25.03 59.84 36.89 120.03

bior5.5 25.85 59.92 24.84 59.77 36.77 119.98

Coif2 25.96 59.77 24.97 59.52 36.79 119.64

Coif5 26.08 59.63 24.82 59.03 36.62 119.58

Sym2 25.81 59.68 24.73 58.78 36.81 119.80

Sym4 24.97 59.72 24.61 58.65 36.73 119.63
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Here for the Flickr30K dataset bior2.4 secures highest B@4 score of about 25.32 but 
bior1.5 scores better value for CD compared to the other wavelets. For Flickr30K and 
MSCOCO datasets, bior1.5 achieves better B@4 and CD scores of about 26.34 and 60.58 
and about 37.14 and 120.41 for the MSCOCO dataset. Hence bior1.5 wavelet is chosen 
as the mother wavelet for experimentation using these datasets.

Analysis for the choice of DWT decomposition levels

For analysing the performance of the model with different DWT decomposition levels, 
experiments are carried out with the same baseline model as used for finding out the 
best mother wavelet. Here bior1.5 wavelet are employed. The detailed ablation study 
regarding the results obtained for various DWT decomposition levels for the MSCOCO 
dataset are presented in Table 3.

The model with two level DWT decomposition exhibits better performance compared 
to 1-level DWT decomposition scoring an improvement in the B@4, MT and CD values 
of about 1.26%, 1.79% and 1.18%, respectively, for the MSCOCO dataset. The method 
also shows little performance improvements with the use of three level decomposition 
stages. Hence considering the computational complexity, method with two level decom-
position is preferred in the proposed work.

Quantitative analysis

The quantitative evaluation of the proposed method for the MSCOCO dataset is carried 
out using the above mentioned metrics and the performance comparison is done with 
fifteen state-of-the-art methods in image captioning. These models include Deep VS 
[25], emb-gLSTM [5], Soft and Hard attention [17], ATT [55], SCA-CNN [14], LSTM-A 
[56], Up-down [7], SCST [42], RFNet [20], GCN-LSTM [57], avtmNet [58], ERNN [59], 
Tri-LSTM [60] and TDA+GLD [61].

Table  4 shows the evaluation results for the comparative study on MSCOCO ‘Kar-
pathy’ test split. From Table 4, it is evident that the proposed method outperforms the 
state-of-the-art methods with good CD score of 124.2. It acquires a relative improve-
ment of about 0.9 % , 0.5 % , 0.2 % and 0.7 % in B@4, MT, R and CD score, respectively, 
compared to Tri-LSTM method [60]. This is because the image feature maps of the pro-
posed model includes spectral information also along with spatial as well as semantic 
details compared to the other methods by the inclusion of discrete wavelet decomposi-
tion in the CNN model, which helps to extract fine grained information during object 
detection. Also it takes into account of contextual spatial relationship between objects in 
the image and exploits both spatial and channel-wise attention of the enhanced feature 

Table 3 Performance results of the proposed method for different number of decomposition levels 
on MSCOCO dataset

Decomposition levels MSCOCO

B@4 MT CD

1-level 52.87 35.14 90.39

2-level 53.64 36.53 91.71

3-level 53.69 36.90 91.89
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maps resulted from atrous convolution employing multi-receptive field filters that are 
capable of locating visually salient objects of varying shapes, scales and sizes.

The comparison results of the proposed method for the Flickr8K and Flickr30K data-
sets are tabulated in Tables 5, 6. From Table 5, it is evident that the method outperforms 
the state-of-the-art methods with an improvement of 2.3% , 2.8% and 2.1% on B@1, B@4 
and MT compared to SCA-CNN [14] for Flickr8K dataset. Also the proposed method 
scores an improvement of 2.4 % and 0.9 % on B@4 and MT in comparison with the avt-
mNet [58] method for Flickr30K dataset. It also secures a good CD value of about 67.3.

Qualitative results

Figure  3 shows the captions generated by the proposed image captioning algorithm 
and the baseline approach for few sample images. Here the baseline method utilizes a 
VGG-16 network instead of WCNN network, together with the attention mechanism 
and LSTM configuration. The CSE network is not incorporated in the baseline method. 
For the qualitative study, images of simple scenes, complex scenes with multiple objects 

Table 4 Performance comparison of the proposed method on MSCOCO dataset. (-) indicates 
‘metric is not reported’. The best two models having larger values of the metrics are shown in red 
and green

Method B@1 B@2 B@3 B@4 MT R CD

Deep VS [25] 62.5 45.0 32.1 23.0 19.5 - 66.0

emb-gLSTM [5] 67.0 49.1 35.8 26.4 22.74 - 81.25

Soft attn [17] 70.7 49.2 34.4 24.3 23.9 - -

Hard attn [17] 71.8 50.4 35.7 25.0 23.04 - -

ATT [55] 70.9 53.7 40.2 30.4 24.3 - -

SCA-CNN [14] 71.9 54.8 41.1 31.1 25.0 - -

LSTM-A [56] 75.4 – – 35.2 26.9 55.8 108.8

Up-down [7] 77.2 – – 36.2 27.0 56.4 113.5

SCST [42] – – – 34.2 26.7 55.7 114.0

RFNet [20] 76.4 60.4 46.6 35.8 27.4 56.5 112.5

GCN-LSTM [57] 77.4 – – 37.1 28.1 57.2 117.1

avtmNet [58] – – – 33.2 27.3 56.7 112.6

ERNN [59] 73.2 56.9 42.9 32.2 25.2 - 101.4

Tri-LSTM [62] – – – 37.3 28.4 58.1 123.5
TDA+GLD [61] 78.8 62.6 48.0 36.1 27.8 57.1 121.1

Ours 78.5 62.0 49.1 38.2 28.9 58.3 124.2

Table 5 Performance comparison of the proposed method on Flickr8K dataset. The best two 
models having larger values of the metrics are shown in red and green

Method B@1 B@2 B@3 B@4 MT

Deep VS [25] 57.9 38.3 24.5 16.0 -

emb-gLSTM [5] 64.7 45.9 31.8 21.2 20.6

Soft attn [17] 67.0 44.8 29.9 19.5 18.9

Hard attn [17] 67.0 45.7 31.4 21.3 20.3

SCA-CNN [14] 68.2 49.6 35.9 25.8 22.4
Ours 70.5 50.2 37.3 28.6 24.5
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and also those having objects that is to be specified clearly with colour as well as their 
count are chosen. For the images 1 and 4, our method successfully identifies the number 
of persons in the image as ‘three’. The proposed method generates more enriched cap-
tions for the images 1, 2, 5 and 6, by detecting ‘wooden benches’, ‘water fountains’, ‘red 
ropes’ and ‘yellow guitar’. Image 3 consists of more complex scene than others with more 
number of objects, for which the method is able to distinguish ‘five men’ and ‘bicycles’ 
clearly along with the extract of relationship between them as ‘standing near’ in a better 
manner. Thus from Fig. 3, it is evident that the use of attention mechnaism in WCNN 

Table 6 Performance comparison of the proposed method on Flickr30K dataset. The best two 
models having larger values of the metrics are shown in red and green

Method B@1 B@2 B@3 B@4 MT CD

Deep VS [25] 57.3 36.9 24.0 15.7 15.3

emb-gLSTM [5] 64.6 44.6 30.5 20.6 17.9 -

Soft attn [17] 66.7 43.4 28.8 19.1 18.5 -

Hard attn [17] 66.9 43.9 29.6 19.9 18.5 -

ATT [55] 64.7 46.0 32.4 23.0 18.9 -

SCA-CNN [14] 66.2 46.8 32.5 22.3 19.5 -

avtmNet [58] – – – 24.8 20.8 59.8
Ours 70.1 49.4 35.8 27.2 21.7 67.3

Fig. 3 Comparison of the captions generated by the baseline approach and the proposed method for few 
samples images. Here GT represents the ground truth sentence
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structure and CSE network helps to include more finer details in the image, highlight-
ing both spatial, semantic as well as contextual relationship between the various objects 
thereby generating better textual descriptions of the image.

Figure 4 shows a few failure captions generated by the proposed captioning method. 
The method is unable to extract the semantics from certain images due to incorrect 
detection and recognition of objects and also the contextual relation between them. For 
images 1 and 3, the objects are not distinguished from the background and in image 6, 
the activity is wrongly interpreted as ‘walking’. In image 2, the object ‘remote’ is identified 
as ‘phone’ and hence the method fails to recognize the activity of that complex scene. 
Similar error happened in the case of image 5, with the detection of ‘rope’ as some fish-
ing tool. Image 4 is formed from a group of photos combined together highlighting the 
various moves and techniques of tennis players. In this situations, the method fails to 
extract the semantics and contextual information of the image generating a caption as 
‘Men dancing with tennis racquet’.

Ablation study

To evaluate the performance of the combination of various stages in the model, an abla-
tion study is conducted. The evaluation results of various configurations of the proposed 
model with MSCOCO dataset for cross entropy loss and with self critical loss with CD 
score optimization are given in Table 7. Experimental studies are conducted initially by 
using WCNN model as the encoder network together with atrous convolution to extract 

Fig. 4 Few samples of failure captions generated by the proposed method. The descriptions given in blue 
and red represents the ground truth and generated captions, respectively
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the enhanced feature maps, which are then directly fed to the LSTM network for transla-
tion. Then attention networks are included in different combinations to the enhanced 
feature maps, which generates enriched textual descriptions. At first, SA network alone 
was incorporated by considering the ht−1 hidden state of the LSTM that highlights the 
spatial locations according to the generation of words to form the descriptions. This 
improved the B@4 and CD score by about 0.8% and 1.6% for cross entropy loss and about 
1.3% and 1.4% for self-critical loss, respectively. Further CA network is introduced and 
we tried both the sequential combinations with CA and SA networks: (SA+CA) and 
(CA+SA). The (CA+SA) combinational network proved to be better than the other by 
providing B@4 and CD score of about 37.1 and 120.4 for self critical loss as shown in 
Table 7. Finally, the CSE network is also employed in the network, which enhances the 
B@4 and CD score by 38.2 and 124.2.

Figure 5 illustrates the captions generated by the proposed method for three sample 
images with their annotated ground-truth sentences. From the generated captions, it is 
evident that the proposed method is able to understand the visual concepts in the image 
in a superior manner and is successful in generating more suitable captions, reflecting 
the underlying semantics.

Conclusion
In this work, a deep neural architecture for image caption generation using encoder-
decoder framework along with VAPN and CSE network is proposed. The inclusion of 
wavelet decomposition in the convolutional neural network extracts spatial, semantic 
and spectral information from the input image, which along with atrous convolution 
predicts the most salient regions in it. Rich image captions are obtained by employ-
ing spatial as well as channel-wise attention in the feature maps provided by the VAPN 
and also by considering the contextual spatial relationship between the objects in the 
image using CSE network. The experiment is conducted with three benchmark data-
sets, Flickr8K, Flickr16K and MSCOCO using BLEU, METEOR and CIDEr performance 
metrics. It achieved a good B@4, MT and CD score of 38.2, 28.9 and 124.2, respectively, 
for MSCOCO dataset. This proves its effectiveness. Since contextual information are 
utilised, finer semantics can be included in the generated captions. In future works, 
instead of LSTM, more advanced transformer network can be considered for achieving 
better CD score and finer captions. By the incorporation of temporal attention, the work 
can be extended for caption generation in videos.

Table 7 Results of ablation study conducted on MSCOCO dataset

Here atr atrous convolution, SA spatial attention, CA  channel attention

Configuration Cross-Entropy loss Self-Critical loss

B@4 CD B@4 CD

WCNN+atr+LSTM 33.1 109.2 34.4 116.5

WCNN+atr+SA+LSTM 33.9 110.8 35.7 117.9

WCNN+atr+SA+CA+LSTM 35.2 112.7 36.3 119.0

WCNN+atr+CA+SA+LSTM 35.9 113.4 37.1 120.4

WCNN+atr+CA+SA+CSE+LSTM 37.5 116.9 38.2 124.2
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