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A Multi-Caption Fusion Approach for Enhanced

Image Captioning

Abstract

Generating diverse captions for an image enriches descriptions and fosters cre-
ative expressions, accommodating varied interpretations that can be performed
through various methods. Leveraging the plentiful semantic information in these
diverse descriptions for an image could be useful for producing a richer and
more interpretable ultimate description of the image. To harness this abun-
dance of information, we propose a two-phased, transparent multi-caption fusion
approach with an encoder to bolster the image captioning network, offering an
innovative method for enhanced caption generation. In the initial phase, mul-
tiple captions are generated for each image using the Image-Number Vectors
(INVs). The second phase involves an extra encoder processing generated cap-
tions from the first phase, alongside a decoder to produce the final caption for
further performance enhancement. The resulting caption vectors, combined with
attended visual features, are utilized to generate a comprehensive caption describ-
ing the entire image. By exploiting the semantic information within the generated
sentences from phase one, the image captioning model’s ability to generate high-
quality captions is improved while providing a more interpretable fusion process.
Experimental evaluations on the MS-COCO dataset demonstrate the poten-
tial improvement in image captioning models through our novel approach. Our
framework performs competitively with state-of-the-art image captioning models,
highlighting its effectiveness for responsible and explainable multimodal fusion.

Keywords: Image Captioning, Multi-Caption Fusion, Multimodal Fusion, Explainable
Image Captioning, Image-Number Vectors, Generated Caption Vectors

1 Introduction

image captioning [1–3], which is the process of automatically producing a description
of an image in natural language, has become a topic of great interest in computer
vision. This is not only due to its practical applications such as aiding visually impaired
individuals, but also because it presents a significant challenge for image comprehen-
sion, a fundamental issue in computer vision. Generating a meaningful description of
an image in natural language requires a deeper level of image comprehension beyond
mere object detection and classification. Furthermore, it is noteworthy that this prob-
lem links computer vision and natural language processing, which are two of the major
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fields in artificial intelligence. Several recent works have adopted the conventional
encoder-decoder framework, which has demonstrated notable success in the domain
of image captioning [4–6]. This method entails the utilization of a language model
that accepts the features of image as input and subsequently generates a descrip-
tive caption illustrating contents of the image. However, the predominant paradigm
in current image captioning methodologies typically revolves around generating a
lone sentence to encapsulate the entire visual content. Nevertheless, this approach
may prove insufficient, particularly for images characterized by intricate and detailed
features.

Generally, it is common for image captioning models to generate only one sentence
per image, and this generated sentence should cover input image details. In reality,
though, it is difficult to describe the entire content of an image with one generated
sentence, mainly when the image includes rich details. Alternatively, some previous
works, such as [7–9], developed models that can generate multiple captions for an
image, each covering a different aspect. Typically, the image captioning benchmark
datasets usually provide several ground truth captions per image. These ground truth
captions describe the image differently and cover different aspects of its content. How-
ever, in many cases, there remains a demand for a single and informative caption with
a rich description. While diversity is valuable in certain contexts, the simplicity and
clarity of a singular, high-quality caption often better serve the user’s need for a clear
and concise understanding of the image content. Balancing the diversity of describ-
ing an image with the coherence of a single and informative caption is a significant
challenge in image captioning. One feasible way to achieve this goal is by dividing the
captioning process into two phases where in one phase multiple descriptions could be
produced for an image while in the second phase the information within these gener-
ated captions can be fused and a new final singular description will be produced for
the image. This way, the diversity represented by the rich image contents could be
obtained using the multiple generated captions in the first phase while the coherence of
the single final caption is achieved by fusing and leveraging the semantic information
found on these generated captions.

To address the aforementioned challenges, we present a novel Two-Phase Multi-
Sentence model with an encoder, featuring two distinct phases. This model is given
the name Two-Phase Multi-Caption (TPMC) image captioning model. In the first
phase, our approach focuses on diversifying and enriching image descriptions by gener-
ating multiple captions. This is achieved through adopting the Image-Number Vectors
(INVs) [9], generating numerous descriptions for a single image using numeric rep-
resentations. Moving to the second phase, we explore the integration of the diverse
generated captions for enhanced performance. An additional encoder is introduced
in this phase, responsible for converting the generated captions from phase one into
encoded caption vectors. These vectors serve as input to the decoding part of the sec-
ond phase, drawing inspiration from machine translation systems [10]. In the decoder
of phase two, our goal is to produce a singular, detailed caption that offers a compre-
hensive description of the entire image. To achieve this, we leverage insights gathered
from all generated captions in the preceding training phase, coupled with attention
to the visual features. This approach ensures that the generated caption encapsulates
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a nuanced understanding of the image, combining textual and visual cues for a more
detailed and accurate description.

This work makes substantial contributions in several key areas, which can be
summarized as follows:

• We introduce a novel framework, the Two-Phase Multi-Sentence framework with
a caption encoder, designed to optimize image caption generation through multi-
caption fusion.

• We propose an image captioning framework consisting of two phases, where INVs
are utilized to produce multiple diverse captions for an image in the first phase,
while these generated captions are fused and leveraged as input in the second phase,
enabling interpretable visual-linguistic alignment.

• We encode the generated multiple captions from phase one into vectors and fuse
them using various mechanisms to exploit their semantic representations efficiently
for generating singular informative final descriptions.

• Our proposed framework underwent testing on the MS-COCO dataset. The achieved
scores underscore that the proposed approach is comparable to recent state-of-the-
art methods based on evaluation metrics.

2 Related Work

Several studies have investigated multi-phase learning for image captioning. Gu et al.
[11] proposed a coarse-to-fine framework using stacked visual attention and multiple
LSTMs, where captions are progressively refined across stages. However, the second
phase starts only after the first phase is completed, making the learning process strictly
sequential. Ling and Fidler [12] incorporated human natural-language feedback into
reinforcement learning through a hierarchical phrase-based RNN. Although effective,
this approach depends on costly human feedback, which can limit efficient model
optimization. Similarly, Zhou et al. [13] introduced a two-phase saliency-enhanced re-
captioning model that transfers visual, semantic, and sample saliency from the first
stage to improve image representation in the second. However, it mainly performs
self-improvement within the same model and uses only one caption from the first
phase. In contrast, our method utilizes multiple diverse captions generated in the first
phase. These captions provide complementary descriptions of the image, offering richer
contextual information for the subsequent phase and improving caption generation

Image captioning faces the challenge of crafting a single, comprehensive caption
that encapsulates the intricacies of a complex image. To address this, certain tech-
niques opt for a more inclusive strategy by generating multiple descriptions for a
single image. One innovative approach employs Conditional Generative Adversarial
Networks (GANs), utilizing a random vector and the input image to guide the cap-
tion generation [7]. This introduces diversity in captions, capturing different facets of
the image. The model includes an evaluator, assessing caption quality and promoting
contextually relevant and high-quality descriptions. Another approach leverages top-
ics to generate multiple captions related to a specified topic [8]. A fusion gate unit
integrates topic embeddings into the LSTM network, ensuring thematic consistency.
In text-based image captioning, the Anchor-Captioner approach excels in fine-grained
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description tasks by generating multiple captions from various viewpoints [14]. Lastly,
a numbering-based approach considers the number of available ground truth captions
during training, utilizing quantitative availability to create a varied set of captions for
images [9].

Attention mechanisms have significantly advanced image captioning [15–17]. Adap-
tive attention allows models to decide on language or visual features [18]. Other
approaches combine bottom-up and top-down visual attention, integrating object pro-
posals [19].Further enhancements included spatio-temporal memory mechanisms in
visual attention (STMA) [20], a task-adaptive attention module [21], and dual atten-
tion for pyramid image feature mapping [22]. Innovations like cluster-based grounding
networks [23], Proposal Attention Correctness (PAC) metric [23], multimodal Trans-
former [24], region-aware interaction learning [25], and methods from [26–28] have
introduced diverse improvements, challenging traditional interpretations and enhanc-
ing various aspects of attention mechanisms in image captioning. [29] presents a Hybrid
Attention Network (HAN) merging mechanisms to address issues like ”object hal-
lucination”. [30] introduces attention mechanisms (LSA and LSF) to enhance local
visual modeling. [31] presents a refined visual attention (RVA) framework internally
reweighting visual attention. [6] propose the Guided Visual Attention (GVA) method,
which improves caption quality by adjusting attentional weights. Meanwhile, [32]
presents JRAN, aiming to enhance caption coherence by incorporating both region and
semantic features. However, these approaches encounter challenges with comprehen-
sively capturing global context, exhibiting bias towards local information, and lacking
robustness to variations in object scale, position, and occlusions.

Fig. 1 Description of main concept and pipeline of our proposed method.
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Semantic information enriches captions in image captioning [33–35]. Attribute-
based methods predict attributes from images, improving synergy between visual and
semantic elements [34]. Stack-VS utilizes multi-stage descriptors to optimize attention
weights for detailed descriptions [36]. FUSECAP integrates visual insights and a large
language model, benefiting image captioning and retrieval [37]. Part-of-speech (PoS)
integration controls information flow [38], combining PoS with word embeddings to
influence caption generation [38–40]. Topics-based image captioning integrates topics
with captioning algorithms, enhancing sentence generation through topic detection
and re-weighting [5, 41]. The two-phase learning re-captioning model utilizes saliency
mechanisms like visual, semantic, and sample saliency to refine image representa-
tions and improve caption quality [13]. These approaches contribute to the evolution
of image description generation techniques. However, challenges remain in semantic
attention, including inadequate coverage of pertinent image attributes and difficulties
in capturing diverse topics without bias from saliency mechanisms.

In contrast to other models that produce a single sentence per image, which may
not fully capture all the details, our model has the ability to generate multiple captions
for an image in the first phase, each focusing on a different aspect. Subsequently, we
input these generated captions into a separate language network to serve as input. This
approach is designed to offer more informative descriptions and leverage the diverse
range of image descriptions in order to create a single-sentence description that is
enriched with comprehensive information.

3 Methodology

Figure 1 illustrates the overall captioning process, comprising two phases. In the first
phase, multiple captions are generated for each image. The second phase involves an
additional uni-directional LSTM layer acting as an encoder to produce final encoded
vectors for the captions generated in phase one. These encoder vectors, along with the
attended image features, are inputted into the decoder of phase two to generate the
final caption, thereby enhancing the performance of the image captioning models.

3.1 Phase One

Figure 2 illustrates the first phase of the proposed framework, which is designed as
an extension of the conventional encoder–decoder model. The visual content of each
image is first encoded using Faster R-CNN [19] with a ResNet-101 backbone to obtain
image features. These features are then enriched with an additional numerical signal
during training.

More specifically, the extracted image features are concatenated with a one-hot
number vector. Since each image in the dataset is associated with five ground-truth
captions, five distinct number vectors are constructed, with each one linked to a dif-
ferent reference caption. By combining the same image features with each of these
number vectors, five different Image-Number Vectors (INVs) are obtained for every
image.
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Fig. 2 Description of the phase one of our algorithm methodology, distinguished by the special
starting word ¡s¿ and the special ending word ¡e¿, while W0 is the first word in the generated caption
and Ws−1 is the last word of the generated caption.

The resulting INVs are used as inputs to the LSTM decoder. For each INV, the
decoder is trained to generate the caption associated with that specific number vec-
tor. Through this design, the captioning model can produce diverse descriptions for
the same image by varying the numerical part of the input while keeping the visual
features unchanged. In this paper, the INV is denoted as m ∈ R

h+5, representing
the concatenation of the image feature vector and the one-hot number vector. The
formulation of INV is given as follows:

m = [n; v̄] (1)

A unique INV is constructed for every ground-truth caption in the dataset by
combining two components: the global image feature vector v̄ ∈ R

h, extracted using
Faster R-CNN, and the number vector n ∈ R

5, represented in one-hot form.
To generate image descriptions in the first phase, the model employs an LSTM-

based decoder. As illustrated in Figure 3, the decoder receives the INV as input and
produces the corresponding caption sequence according to the following equations:

hPh1
t = LSTMPh1

(

hPh1
t−1 ; [m,E1 · yt−1]

)

(2)

pt = softmax
(

Wa · h
Ph1
t

)

(3)
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Fig. 3 Description of the LSTM component in phase one of the proposed model

The hidden representation of the first-phase decoder is denoted by hPh1
t ∈ R

g,
where LSTMPh1 models the caption sequence over time. Word representations are
obtained from the embedding matrix E1 ∈ R

f×c. At each time step, the model pre-
dicts pt ∈ R

c, which gives the probability distribution over the full vocabulary, based
in part on the previously generated word yt−1 ∈ R

c. The matrix Wa ∈ R
g×c con-

tains the trainable parameters used for the vocabulary projection. Model training is
performed with the standard cross-entropy (XE) objective, computed between the
predicted distribution and the ground-truth caption, as defined below:

LossXE
Ph1 =

1

T

T
∑

t=1

− log (pt (yt | yt−1,m)) (4)

During training, image features extracted by Faster R-CNN are combined with
Image-Number Vectors (INVs) to generate multiple captions in Phase 1, while Phase 2
encodes these captions and incorporates visual attention to generate the final caption.
During inference, the learned model constructs INVs from the test image, generates
multiple candidate captions, and applies caption encoding with visual attention to
produce the final descriptive caption. As illustrated in Fig. 4, the proposed framework
consists of two stages: a training phase and an inference phase.

3.2 Phase Two

After training the model in phase one, we generate five captions for each image in
the dataset, with one caption corresponding to each INV. These generated captions
serve as input to the model in phase two, where it operates both as an encoder and
a decoder. In the encoder component, a uni-directional LSTM is employed to encode
the generated captions from phase one into vectors, which are then utilized as input
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Fig. 4 Overview of the proposed training and inference framework.

in the decoder component. This process results in the generation of a final caption
that comprehensively describes most aspects of the input image.

3.2.1 LSTM Encoder

In the encoder part, the five generated captions are sequentially encoded using an addi-
tional LSTM layer, as illustrated in Figure 5. We refer to each of generated captions
as Ci = {ci0, c

i
1, . . . , c

i

T́
} where i ∈ {0, 1, . . . , n − 1} and T́ represents the maximum

caption’s length. These generated captions are fed into the encoding LSTM, denoted
as LSTME . The hidden state of the encoding LSTM ht́ ∈ R

g at time step t́ is defined
as follows:

hi
t́
= LSTME(h

i
t́−1

; [E2 · c
i
t́
]) (5)

where E2 ∈ R
c×f is a word embedding matrix, ci

t́
∈ R

c is the input word at time step

t́, and t́ ∈ {0, 1, . . . , T́}. The initial hidden state of the encoding LSTM is set to zero.
Thereafter, the hidden state of the encoding LSTM at the final time step (t́ = T́ ) is
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Fig. 5 Description of the LSTM encoder component in the second phase of the proposed model.

used as the encoding vector for the generated caption. That is, hi

t́=T́
represents the

encoded vector of the corresponding generated caption Ci. For simplicity, we refer to
the encoded vector as di as follows:

di = hi

t́=T́
(6)

where di ∈ R
g. The encoded vectors can be arranged in a single matrix named the

generated vectors matrix D ∈ R
g×n as follows:

D = {d0, d1, . . . , dn−1} (7)

where n is the number of generated captions defined in equation (1) and is selected to
be five.

3.2.2 Decoder

After obtaining the generated vectors matrix D, we take the mean of its vectors and
use as input to the language model.
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Fig. 6 Explanation of the LSTM decoder component in the second phase of the proposed model.

d̄ =
1

n

n−1
∑

i=0

di (8)

where d̄ ∈ R
g.

Local object features are extracted from the input image using Faster R-CNN
with a ResNet-101 backbone. These features are then arranged into an object feature
matrix V , which contains K object-level feature vectors and is expressed as follows:

V = {v1, v2, . . . , vK} (9)

The matrix V ∈ R
K×h is formed by K object feature vectors, where each vector

vi ∈ R
h represents the feature embedding of an individual detected object for i =

1, . . . ,K. From these object-level representations, the global image feature v̄ ∈ R
h is

computed as follows:

v̄ =
1

K

K
∑

i=1

vi (10)

To capture the most informative local regions, the model further incorporates
a visual attention mechanism over the object feature matrix V . The corresponding
attention computations are defined as follows:

αi
t = W3 · tanh

(

W1 · h
Ph2
t−1 +W2 · vi

)

(11)

βt = softmax (αt) (12)

v̂t =

K
∑

i=1

βi
t ⊙ vi (13)

where v̂t ∈ R
h, βt ∈ R

K , and αt ∈ R
K . W3 ∈ R

e, W1 ∈ R
g×e, and W2 ∈ R

h×e are
trainable weights.

The hidden state hPh2
t ∈ R

g of the decoder LSTM LSTMPh2 at time step t is
given by:
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hPh2
t = LSTMPh2(h

Ph2
t−1 ; [E3 · zt−1, d̄, v̂, v̄]) (14)

where E3 ∈ R
c×f is a word embedding matrix and zt−1 ∈ R

c is the word generated in
the previous time step. Next, hPh2

t is fed into a linear layer succeeded by a softmax
layer for producing the probability distribution over the vocabulary words as follows:

pt = softmax
(

Wp · h
Ph2
t

)

(15)

where pt ∈ R
c represents the probability distribution along all the words in the vocab-

ulary and Wp ∈ R
g×c refers to trainable parameters. For training our model, we adopt

the traditional cross-entropy (XE) loss between the predicted word distribution and
the ground truth caption as follows:

LossXE
Ph2 =

1

T

T
∑

t=1

− log (pt (zt | zt−1, V )) (16)

In the decoder part of phase two, illustrated in Figure 6, we utilize the vectors
of the five generated captions as input for our framework. Additionally, we input the
attended visual features and the word embeddings to generate a single final caption
with the most details, describing the entire image by leveraging all generated captions
from the preceding training phase. Consequently, our model is capable of producing
a single caption for a single image, thereby enhancing its performance in standard
evaluation criteria.

4 Experiments and Results

In this segment, we delve into key elements of the conducted experiments, covering
evaluation criteria, the dataset employed, and model configurations. Furthermore, we
offer an examination of experimental findings and comparisons between networks.

4.1 Datasets and Evaluation Metrics

The MS-COCO dataset is widely recognized as the benchmark for image captioning,
with numerous previous studies leveraging its extensive annotations [42, 43]. Compris-
ing 123,000 images, each annotated with five reference sentences, MS-COCO sets the
standard in the field. To evaluate our framework, we conducted experiments on this
dataset, following Karpathy’s data split [44], which divides it into training, validation,
and testing sets of 113,000, 5,000, and 5,000 images, respectively. We utilize a beam
search strategy with a beam size of 3 during inference and assess our model’s per-
formance using standard metrics, including BLEU, CIDEr, SPICE, METEOR, and
ROUGE-L, abbreviated as B-n (n=1, 2, 3, 4), C, S, M, and R, respectively.

4.2 Image Captioning Model

For visual representation, object-level features are extracted using Faster R-CNN
with a ResNet-101 backbone. Each image is represented by K = 36 regions, with
every region described by a 2048-dimensional feature vector (h = 2048). For MS-
COCO, words appearing more than five times are retained, resulting in a vocabulary
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Table 1 The cross-entropy (XE) scores achieved by our models on the MS-COCO dataset.

MODEL B1 B2 B3 B4 M R C S

Baseline1 73.3 56.7 43.0 32.8 25.8 54.3 101.1 18.5
TPMC(GRU) 73.7 56.9 43.2 32.9 25.9 54.4 101.5 18.6
TPMC(LSTM) 73.6 57.0 43.4 33.2 26.0 54.4 101.9 18.7
Baseline2 76.7 60.7 47.1 36.4 27.6 56.6 114.1 20.5
TPMC(GRU+VA) 77.0 61.6 47.4 36.5 27.7 56.7 114.6 20.7
TPMC(LSTM+VA) 77.2 61.3 47.7 36.9 27.8 56.9 115.5 20.8

of c = 9487 tokens. Both the word embedding dimension f and the LSTM hidden-state
dimension g are fixed at 1000, while the attention hidden dimension is set to e = 512.
Since each image contains five reference captions, the number of number-vectors is
chosen as n = 5.

The TPMC model is optimized for 50 epochs using Adam and cross-entropy loss in
both training phases. The initial learning rate is 5×10−4 and is multiplied by 0.8 after
every five epochs. Training uses a batch size of 40, dropout of 0.5, and gradient clipping
with a maximum absolute value of 0.1. Scheduled sampling is raised by 5% every five
epochs until it reaches 25%. During inference, captions are generated through beam
search with a beam width of 3. All experiments are implemented in PyTorch.

4.3 Preparing Image-Number Vectors for the First Phase

The image-number vector comprises image global features and a number-vector. The
image global features are derived from the Faster RCNN based on ResNet-101 architec-
ture, while number-vectors are encoded using one-hot encoding. For each image, which
is associated with five ground truth captions, we create corresponding number-vectors
using the numbers from 0 to 4. The assignment of numbers to the ground truth cap-
tions can be done arbitrarily in a one-to-one manner. To generate the image-number
vectors (INVs), we create five duplicates of the image global features and concatenate
each duplicate with a number-vector. This results in five INVs per image, serving as
distinct clones of the image features, with each clone having a unique ground truth
description.

4.4 Quantitative Evaluation

Table 1 displays the MS-COCO evaluation results. Baseline1 represents the results of
phase one only, obtained using the highest beam search score strategy as introduced
in [9] for evaluating multiple generated captions. The TPMC(LSTM) model, which
is the same model as phase two but without visual attention, surpasses Baseline1
in all evaluation metrics by a noticeable margin. Additionally, TPMC(LSTM+VA)
outperforms Baseline2 by a significant margin in all metrics. Baseline2 is identical to
the phase two model but without the use of generated captions from phase one and
without the encoder LSTM in phase two.

The TPMC(GRU) represents another version of our proposed model, utilizing GRU
units instead of LSTM in the encoder part and excluding visual attention mechanisms.
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Fig. 7 Cross-entropy scores of the baseline and TPMC-based models on the MS-COCO dataset
across different evaluation metrics.

Fig. 8 Comparison of cross-entropy (XE) scores of TPMC(LSTM+VA) with existing image cap-
tioning methods on the MS-COCO dataset.

In contrast, TPMC(GRU+VA) integrates visual attention. As illustrated in Table 1,
the TPMC(GRU) model consistently outperforms Baseline1 across all evaluation met-
rics, showcasing a noticeable performance gap. Additionally, the results highlight that
TPMC(GRU+VA) surpasses Baseline2 by a considerable margin across all metrics, as
shown in Fig. 7.

In this research, our primary goal is to demonstrate the impact of utilizing gener-
ated caption vectors to enhance the performance of an image captioning model. Our
approach is based on the conventional encoder-decoder architecture, which is sim-
pler than some existing models, allowing us to focus on the contribution of generated
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Table 2 Comparison of performance percentages between our models and others on MS-COCO
data trained using cross-entropy (XE) optimization. The highest and second-highest scores are
highlighted in bold and underline, respectively.

MODEL B1 B2 B3 B4 M R C S

SCA-CNN [45] 71.9 54.8 41.1 31.1 25.0 53.1 95.2 -

Ada-Att [18] 74.2 58.0 43.9 33.2 26.6 54.9 108.5 -

RFNet [46] 76.4 60.4 46.6 35.8 27.4 56.5 112.5 20.5

UpDown [19] 77.2 - - 36.2 27.0 56.4 113.5 20.3

VIS SAS [13] 72.5 52.6 38.2 28.1 23.7 55.4 82.1 -

ARL [47] 75.9 60.3 46.5 35.8 27.8 56.4 111.3 -

HAF [48] 75.9 59.5 45.4 34.4 26.8 - 109.0 -

MRRC [49] 75.5 59.8 46.0 35.2 26.5 55.9 108.0 19.7

DAA NA [50] 76.2 60.0 46.0 35.0 26.7 55.9 109.6 20.0

TAAIC [21] 71.0 - - 27.7 23.8 51.1 93.2 18.3

r-GRU (LH) [51] 76.8 60.7 45.9 35.1 29.2 54.9 101.3 -

CSA [52] 77.2 59.8 46.0 36.2 27.9 56.4 114.6 -

NumCap [9] 66.9 49.4 36.5 27.3 24.1 50.7 85.3 17.0

VFDICM [53] 76.4 60.4 46.9 36.3 27.7 56.6 113.9 20.6

VARVF [54] 76.9 60.9 47.4 36.8 27.8 56.8 114.6 20.8

HyCapNet [55] 63.7 - - 35.8 29.5 58.6 97.2 -

UVA-Cap [56] 76.6 60.6 47.2 36.6 27.8 56.8 114.8 20.6

TPMC(LSTM+VA) (Ours) 77.2 61.3 47.7 36.9 27.8 56.9 115.5 20.8

caption vectors to image captioning effectiveness. Nonetheless, the incorporation of
generated caption vectors significantly improves the performance of our model, mak-
ing it competitive with contemporary image captioning approaches. The comparative
analysis on the MS-COCO dataset between our TPMC(LSTM+VA) model and prior
approaches is presented in Table 2. According to the results, our model achieves the
highest scores in BLEU-2, BLEU-3, BLEU-4, and CIDEr, while tying for the high-
est performance in BLEU-1 with UpDown [19] and CSA [52], and in SPICE with
VARVF [54]. In contrast, HyCapNet [55] attains the highest scores in METEOR and
ROUGE. Overall, these results demonstrate the strong competitiveness of our model
against recent approaches, including VFDICM [53], VARVF [54], HyCapNet [55],
and UVA-CapF [56], highlighting the important role of generated caption vectors in
improving image captioning performance, as shown in Fig. 8

4.5 Qualitative Evaluation

In addition to the quantitative evaluation, the caption generation ability of
TPMC(LSTM+VA) is further investigated through qualitative comparisons in Figure
9. For each image, the figure presents the caption produced by baseline2 (B), the
caption generated by our model (T), and five human-annotated reference captions
(GT).
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Fig. 9 Illustration of sample outcomes depicting the generated captions from our various modules.
B represents the caption generated by Baseline2, while T denotes the captions generated by the
TPMC(LSTM+VA) module. GT signifies the ground truth captions.

For the traffic-light example, baseline2 generates “a traffic light on the side of
a road,” which correctly identifies the main object but misses important attributes
such as the signal color. In comparison, TPMC(LSTM+VA) produces “a traffic light
with a green light on it,” providing a more detailed description that agrees with the
ground-truth captions describing a green traffic light above a street.

For the elephant scene, baseline2 describes the image as “a group of elephants
standing under a tree,” while our model generates “a couple of elephants standing
under a tree.” The proposed caption better reflects the number of animals and is closer
to the human descriptions mentioning two elephants standing near trees.

In the zebra example, baseline2 provides a general description of zebras grazing
in a field, whereas TPMC(LSTM+VA) adds contextual details by describing them as
grazing on a lush green field, which better captures the surrounding environment. For
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Table 3 Lists of diverse versions of the proposed image captioning model in phase two.

MODEL V/W B/G/L R/S A/C/T
TPMC(WLRA) W L R A
TPMC(WLSA)=TPMC(LSTM) W L S A
TPMC(WLRC) W L R C
TPMC(WLSC) W L S C
TPMC(WGSA)=TPMC(GRU) W G S A
TPMC(VGSA)=TPMC(GRU+VA) V G S A
TPMC(VLSA)=TPMC(LSTM+VA) V L S A
TPMC(WBRT) W B R T

the river-surfing image, baseline2 incorrectly describes the man as riding a wave on a
river, while our model identifies the surfboard, generating a more accurate description
of the activity.

For the horse example, baseline2 only mentions two white horses, while
TPMC(LSTM+VA) recognizes that the horses are pulling a carriage, capturing addi-
tional semantic information from the image. Similarly, for the bathroom image,
baseline2 identifies a toilet and sink but lacks scene context, whereas our model
describes the object arrangement within a bathroom environment.

Overall, these examples demonstrate that TPMC(LSTM+VA) generates captions
with richer visual details and stronger semantic alignment with human annotations.
The qualitative improvements shown in Figure 9 are consistent with the performance
gains reported in Table 1.

4.6 Ablation Study

We have conducted extensive experiments to assess the effectiveness of various meth-
ods in improving the performance of our proposed approach. These methods include
investigating the impact of different components in our image captioning model, such
as the presence or absence of visual attention, the use of different types of Recurrent
Neural Network (RNN) for caption embedding, and the arrangement of generated
vectors in the subsequent LSTM for caption generation. These modifications were
thoroughly evaluated in the second phase of our model, as depicted in Table 3 and
Table 4.

Table 3 lists various versions of the proposed model in phase two. The symbols in
the first row of Table 3 signifies different meanings. The symbol V indicates the adop-
tion of visual attention while the symbol W signifies the absence of visual attention.
The symbols B, G, and L indicate that the adopted encoding RNN used to encode the
generated captions is a Bidirectional LSTM, GRU, or LSTM, respectively. The sym-
bol R indicates that the final embedded vector for a generated caption is derived by
averaging the ht from the encoding RNN at each time step. Conversely, the symbol
S denotes that the embedded vector of a generated caption comes from the ht at the
final time step of the encoding RNN.The symbol A indicates that the five generated
caption vectors are averaged before entering the decoder’s LSTM, while the symbol
C shows that the five generated caption vectors are concatenated before they entered
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Fig. 10 Ablation analysis of the individual components of the proposed model on the MS-COCO
dataset using cross-entropy (XE) optimization.

Table 4 Ablation studies on the distinct components of the proposed model, trained on
MS-COCO data under the cross-entropy (XE) optimization.

MODEL B1 B2 B3 B4 M R C S

TPMC(WLRA) 72.9 56.2 42.6 32.4 25.7 54.0 100.4 18.4

TPMC(WLSA)=TPMC(LSTM) 73.6 57.0 43.4 33.2 26.0 54.4 101.9 18.7

TPMC(WLRC) 72.7 55.8 42.3 32.1 25.6 53.8 99.9 18.3

TPMC(WLSC) 73.5 56.7 43.2 33.0 25.9 54.3 101.4 18.7

TPMC(WGSA)=TPMC(GRU) 73.7 56.9 43.2 32.9 25.9 54.4 101.5 18.6

TPMC(VGSA)=TPCM(GRU+VA) 77.0 61.6 47.4 36.5 27.7 56.7 114.6 20.7

TPMC(VLSA)=TPCM(LSTM+VA) 77.2 61.3 47.7 36.9 27.8 56.9 115.5 20.8

TPMC(WBRT) 73.0 56.3 42.8 32.7 25.8 54.2 100.8 18.5

into the decoder’s LSTM. Finally, the symbol T indicates that the five generated cap-
tion vectors are first entered into an attention module and the output of this attention
module is fed into the decoder’s LSTM.

As demonstrated in Table 4 , the TPMC(WLSA), TPMC(WGSA), TPMC(VGSA),
and TPMC(VLSA) models yield impressive results, surpassing the baselines perfor-
mances. Consequently, these models have been incorporated into our proposed method.
Conversely, TPMC(WLRA), TPMC(WLRC), and TPMC(WBRT) models underper-
form relative to the baselines. However, TPMC(WLSC) stands out by exceeding the
baseline in the majority of the evaluation metrics. Fig. 10 presents the ablation analy-
sis of different model components and their impact on the performance of the proposed
method on the MS-COCO dataset.
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5 Conclusion

This study introduces a two-phase image captioning network with an encoding LSTM,
which utilizes generated captions as input in the language model during the sec-
ond phase. By incorporating generated caption vectors, the model not only expands
descriptions of images but also enhances caption quality, resulting in improved per-
formance. Experiments conducted on a publicly available dataset demonstrate that
our model performs comparably to advanced image captioning algorithms, signifi-
cantly surpassing recent state-of-the-art methods.In the future, our goal is to integrate
the generated caption vectors into other advanced image captioning frameworks to
contribute to enhancing their efficiency and performance.
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