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MOJIEJIMPOBAHUE POBOTA-MAHUITYJIATOPA B IPOT'PAMMHOM
CPEJE LABVIEW

PoOOTEI-MaHUITYIITOPEI CTANI HEOTHEMIIEMOW YacThIO HALIeH ITOBCEIHEBHOM JKU3HHL.
C KaXIpIM JTHEM PACTET UX MPHUMEHEHUE B NPOMBIIIICHHOCTH, OBITY, MEAULIMHE U IPYTUX
cdepax. Jlo Npor3BOJICTBEHHOIO 3Tara poOOTOB-MaHHITYJISITOPOB HEOOXOANMO pa3paboTaTh
1 M3Yy4YUTh UX CUMYJIIIMOHHYIO Mogeinb. [loatomy B cpene LabVIEW Robotics 6su10 pas-
paboTaHo MporpaMMHOE HPHIIOKEHNE, KOTOPOE MO3BOJIAET MU3ydaTh pOOOTHI-MaHHITYJISITOPBI
Pa3HBIX Pa3MepoB U ux padouee IPOCTPAHCTBO.

Knrwouesvie cnosa: pobot, poOOTOTEXHUKA, KHHEMATHKa, MaHumysitop, LabVIEW.

7.G. KHANAMIRYAN, EXM. TERTERYAN

SIMULATION OF A ROBOT MANIPULATOR IN THE LABVIEW
SOFTWARE ENVIRONMENT

Robot manipulators have become an integral part of our daily life. Their use in
industry, everyday life, medicine, and other fields is growing every day. Before the
production stage of robot manipulators, it is necessary to develop and study their simulation
model. Therefore, a software application has been developed in the LabVIEW Robotics
environment which allows to study robot manipulators of different sizes, and their
workspace.

Keywords: robot, robotics, kinematics, manipulator, LabVIEW.
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EVALUATING OPEN-SOURCE IMAGE CAPTIONING MODELS WITH
MULTIPLE METRICS ON THE IAPR TC-12 DATASET

In recent years, the development of image captioning Al models has been a focal
point in the fields of computer vision and natural language processing (NLP). The paper
presents a thorough comparative analysis of several state-of-the-art image captioning Al
models, employing a diverse array of evaluation metrics, including CIDEr-D, BLEU-4,
METEOR, ROUGE-L, SPICE, and Wu-Palmer similarity. The study is centered on the
evaluation of image captioning models using the IAPR TC-12 dataset, a well-established
benchmark for assessing visual content understanding. By leveraging multiple evaluation
metrics, it was possible to gain a multifaceted understanding of the models' performance,
encompassing both syntactic and semantic dimensions of generated captions. Comparative
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analysis highlights that different metrics capture distinct facets of image captioning quality
with each shedding light on specific aspects of model performance.

In summary, this paper offers a valuable resource for researchers in the fields of
computer vision and natural language processing. This comprehensive assessment of image
captioning models using multiple evaluation metrics and the IAPR TC-12 dataset provides
a deeper understanding of the current capabilities and limitations of Al-driven approaches for
generating descriptive image captions. This analysis paves the way for future advancements
in this rapidly evolving domain.

Keywords: Attificial Intelligence, image captioning, natural language processing,
evaluation metrics, computer vision.

Introduction. In the digital age, it is increasingly important to understand
how text and images relate to each other. It plays an important role in computer
vision, NLP, and many other applications. Computer vision and NLP are fundamental
technologies that are changing and revolutionizing daily lives [1].

These techniques enable computers to understand and interact with the world
by detecting objects, recognizing faces, and summarizing documents. A more
comprehensive understanding of images, videos, and content will enable consumers
to recognize, describe and provide automated content recommendations, thereby
increasing efficiency and enabling new applications across a range of industries.
It's important to understand how text and images work together when discussing
social media, where most posts contain both text and visuals. As well as enabling
us to search for relevant images based on text queries, it also powers search engines.

Many models have already been created that solve the problem of obtaining
descriptions from images. In those models, there are some challenges, such as
understanding context, handling unique items, bias issues, scalability, multimodal
integration, privacy etc. To solve these problems, image captions in various
applications need to be improved.

Related Works. A study [2] proposed a method that generated image
descriptions closer to human speech. A new method, Scene Graph Auto-Encoder
(SGAE), has been developed to teach the computer this style without the need for
many examples. Extensive testing has shown that this approach has performed
well, outperforming current methods on MS-COCO dataset images.

In [3], the application of generating descriptions from images in the field of
fashion is considered. The researchers proposed a new way of learning captions
and created a preliminary dataset of fashion captions called FACAD. In order to
accurately and expressively describe fashion items, two new measurements have
been defined: ALS and SLS. The model was then trained using these metrics along
with MLE, feature embedding, and reinforcement learning. The paper also presents

general measurements for the estimation of captions for common images. The
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authors also noted that further research is needed to improve the evaluation criteria.

[4] proposes an extension of the LSTM model to generate captions for
images. Unlike other methods, in this one, the authors proposed to include
additional semantic information with each unit of the LSTM block. As a result, it
was shown that the model can maintain a more accurate description of the image
content and avoid drifting into unrelated regular expressions. The proposed method
in this study achieves state-of-the-art performance on various benchmark datasets.

Materials and methods. Instead of teaching the model all about images and
language, which can be time-consuming and computationally expensive, pre-
trained models were used. This approach significantly speeds up the process of
creating captions for images. Below is the list of those models:

e BLIP (Bidirectional Language Model Pretraining) [5];

e Image Captioning with PyTorch [6];

e Bottom-Up Attention for Image Understanding [7];

® Prismer [8];

e Adaptive Attention for Image Captioning [9];

e Neuraltalk2 [10];

e Image-Captioning-Transformer [11].

Here's how it works. An input image is fed to a pre-trained model, which
quickly analyzes the image and provides a descriptive caption based on what it has
learned from many other images. All the above models were trained on the popular
COCO dataset, as well as on several relatively small datasets.

Dataset. For experiments, the IAPR TC-12 dataset was used for evaluating
the already pre-trained model outputs. The dataset includes 20,000 natural images
(Fig. 1) accompanied by subtitles in three languages: English, German, and
Spanish. It includes a wide variety of topics, such as sports, people, animals, cities,
and landscapes. This dataset has been utilized by researchers for many different
tasks, such as semantic indexing, cross-modal search, and image captioning. It has
also been expanded to include segmentation and annotation data, which makes it
easier to assess the automatic image annotation methods [12].

Two cabins of a cable car over a green
Wooded slope in the foreground

A city with grey high-rise buildings

Brown houses and dark green trees behind it

A grey, hazy background

Fig. 1. IAPR TC-12 dataset image and label example
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Evaluation metrics. The image-to-description task initially faced challenges
due to the gap between visual and textual data, but semantic analysis now plays a
crucial role in solving this problem. Understanding the meaning of the text has
challenges. Things like language details, context, and unclear meanings make it
hard. Also, dealing with various text sources, like different languages or topics,
makes it even more complex to get the right and clear meanings.

The evaluation of image-capturing models was conducted using six metrics.
In this section, they are all described.

o CIDEr-D: measures the similarity between a candidate caption and a set of
reference captions based on the n-gram overlap:

CIDEr — D(c,S) = L—O M SN_ wysimy(c, sy,

where c is the candidate caption, S - the set of reference captions, M - the number
of reference captions, N - the maximum n-gram order (usually 4), wn - the weight
for each n-gram order, and simn(c,Sm) - the n-gram similarity between ¢ and sm.

¢ BLEU measures the precision of a candidate caption with respect to one or
more reference captions based on the n-gram overlap.

BLEU(c,S) = BP xexp(ZN_;  wylogpy), 2)

where c is the candidate caption, S - the set of reference captions, BP - the brevity
penalty, N - the maximum n-gram order (usually 4), wn - the weight for each n -
gram order, and pn - the precision for each n-gram order.

e METEOR measures the harmonic mean of unigram precision and recall
between a candidate caption and a reference caption based on exact, stem,
synonym, and paraphrase matches. The formula for METEOR is:

METEOR(c,r) = (1 — a)P + aR, 3)

where c is the candidate caption, r - the reference caption, o - a parameter that
controls the balance between precision and recall (usually 0.85), P - the unigram
precision, and R the unigram recall.
¢ ROUGE-L measures the longest common subsequence (LCS) between a
candidate caption and a reference caption. The formula for ROUGE-L is:
(1+B?)RP

ROUGE — L(C,T) = m(4)
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where c is the candidate caption, r - the reference caption, 2 - a parameter that
controls the balance between precision and recall, R - the LCS-based recall, and P -
the LCS-based precision.

¢ SPICE computes the F-measure of scene graph tuple precision and recall
reflecting the quality and quantity of semantic matches. The formula for SPICE is:

2
SPICE(c,r) = S0 (5)

where c is the candidate caption, r - the reference caption, A% - a parameter that
controls the balance between precision and recall (usually 1), R - the scene graph
tuple recall, and P - the scene graph tuple precision.

e NLTK (Natural Language Toolkit) and WordNet enable the comparison of
sentence meanings based on their semantic similarity. WordNet is a lexical
database that provides sets of synonyms (synsets) for words, which can be used to
construct a similarity measure between sentences. The following steps outline how
to use NLTK and WordNet for this purpose:

othe first step is to tokenize and preprocess the sentences, which involves
transforming the sentences into word lists, removing punctuation, converting to
lowercase, and applying any other required preprocessing steps;

othe next step is to find the WordNet synsets for the words in the sentences
using NLTK’s WordNet interface;

othe final step is to calculate a semantic similarity measure between the
sentences using the synsets. A common measure is the Wu Palmer Similarity,
which computes the similarity between each pair of synsets from the two sentences
and records the highest similarity score. This example illustrates a basic approach
to sentence similarity using WordNet and NLTK. However, the results may not
always be accurate because of the limitations of WordNet’s coverage and sense
disambiguation compared to more advanced methods such as word embeddings or
transformer-based models.

The mathematical formula for Wu-Palmer Similarity is:

2xdepth of LCS
depth of synset 1+ depth of synset 2

Wu — Palmer Similarity = (6)
where LCS stands for Least common subsumer, which is the lowest common
ancestor of two synsets in the WordNet hierarchy, and depth is the number of
edges from the root node to the synset.

Results and Discussion. These measures were used to assess and reflect the
performance of several picture captioning algorithms in relation to one another.
Each statistic evaluates a different element of caption quality, adding to a thorough
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assessment of the models on the IAPR TC-12 dataset. The table below shows the
metric measures:

Table
Evaluation of image captioning algorithms on IAPR TC-12 dataset
Model CIDEr-D | BLEU4 | METEOR |ROUGE-L | SPICE Wu-
Palmer
PyTorch Image 1.204 0.357 0.280 0.569 0.216 0.538
Captioning
Bottom-Up Top 1.201 0.363 0.277 0.560 0.205 0.519
Down
Neuraltalk2 0.855 0.277 0.233 0.516 0.203 | 0.431
Image-Captioning 1.143 0.346 0.269 0.554 | 0.206 | 0.525
Transformer
BLIP 1.179 0.369 0.245 0.531 0.215 0.496
Prismer 1.206 0.378 0.221 0.525 0.22 0.532
Adaptive Attention for 1.085 0.357 0.275 0.564 0.2 0.536
Image Captioning

Conclusion. In summary, efficiency and quality are critical for picture
captioning tasks. To investigate the process, researchers have turned to pre-trained
models such as BLIP. These models, which have been extensively trained on
datasets such as COCO, provide a shortcut to correct picture captioning. The IAPR
TC-12 dataset, which has varied pictures and multilingual descriptions, was
utilized to evaluate their performance. In image captioning experiments, multiple
models were evaluated using various evaluation metrics. The PyTorch Image
Captioning model excelled in CIDEr-D, METEOR, ROUGE-L, and SPICE
metrics, indicating its overall strong performance in generating image captions.
Meanwhile, the Bottom Up Top-Down model stood out in terms of BLEU-4,
showcasing its precision in caption generation. The best model among the seven,
according to the Wu-Palmer measure also is PyTorch Image Captioning, with a
score of 0.538. This indicates that, unlike the others, this model may create
captions that are semantically more comparable to the reference captions.

The evaluation conducted in this study serves as a valuable initial step in
selecting a baseline model for image captioning tasks, while also contributing to
the ongoing development of research in this domain.
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PUS <UUULGLPNRGESUUR MUSUENP UNRAShSHUYNPUUL UNDBLLEND
ALULUSNRU IAPR TC-12 SY3ULLEMh <UYULUTNRN YMU

Jdbpohu wwphubphtu wwwybpubpph untpunpnpwynpdwt wphbunwlywu pwbtwyw-
ungjwu (UR) dnnbjubph qupgqugnudp npwnpnygjwiu YEunpnundd £ Gnbp hwdwlwpgswihu
wbunnnipjwu U puwlw |Gqyh dowlydwu ninpunutipnud: Upfluwwnwupnud ubipywjwgyti £ dh
pwuh dwdwuwlwlyhg wwwybpubiph unipnpinpwynpdwu UP dnnbijubph dwupwypyhun
hwdbdwunwlwu Jbpindnignit’ ogunwgnpdbinyg quwhwwndwu swihwuhoubiph pwqdwehy
dbennubp, huswhupp tu* CIDEr-D, BLEU-4, METEOR, ROUGE-L, SPICE L Wu Palmer: Quw-
hwwnyb] BU wwuwybpubph untpnpunpwynpdwu dnnbiubpp' oguwgnpdting IAPR TC-12
wnjwiutiph hwjwpwdniu, npp jwy hwunwwnywsd swihwuhy  wbunnuywu pnduwunwynt-
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pjwu pdpnundp quwhwwnbint hwdwp: Pugquiwpehy qguwhwwndwt swihnwubp oguwagnp-
&tny' huwpwynp bnwy dbinp pbipb; dnnbiubph yunwpnnulwuh pugqdwynndwuh wywun-
Yapwgnud® ubipwnbing unbndwsd Gupwagnpbph huswbu swpwhnuwlw, wjuwbu b hdwu-
wnwjhu swithndubipp:

Lwibdwnwlwu ybpindnigjwdp pungdynid k, np wwppbip swihnwdubp wdpwgpnid
GU wwwybph untpnpwnptph npwyh wwpptp Ynndbpp, npnughg jnipupwugnipp (nuwpw-
unud £ dnnbjh Yuwwnwpnnuywuh npnawyh hwjbgwybinbn:

Uptuwwnwupt wpdbpwynp nbunipu £ wnwowpynid hGunwgnunnnubph hwdwn hw-
dwlwnpgswihu nbunnnipjwu b puwlwu (Gqyh dowldwu ninpunubipnd: Mwwnybipubiph
untpinhnpwynpdwt dnnbijubph wu hwdwwwpthwy quwhwwnnudp, Ywwnwnpbin pwqdw-
rhy swihndubp IAPR TC-12 wnjjwjutiph hwywpwénih Ypw, wybih funp wywwnybpwgnd k
wwihu uwpubiph untpinhunptip untindtint hwdwp UP-h ypw hpduywd dninbignidubiph ubip-
Yuwjhu huwpwynpnigyniuubph b uwhdwuwtwynwubiph Jwupt: dbpndnigyniup wpwg
qupgwgnn wju ninpunnd wwwgw wnwpupwgh hwdwp hhdp £ unbindnud:

Unwtgpuyhti pwnbp. wphbunwywu pwuwlwunyeniu, wwwnybpubph untpuinhwnptbn,
puwlwu [Gquh dJowynud, guwhwwndwu swihnwiubp, hwdwlwnpgswihu wbunnniejniu:

K.I'. HUKOI'OCSIH, T.b. XAYATPSH, 3.A. APYTIOHSH,
AM. TAJICTSAH

OIIEHKA MOJEJIEM CYBTUTPOB K U30EPAKEHUAM C
OTKPBITBIM HCTOYHUKOM C HECKOJIBKUMH ITOKA3ATEJIAMU
HA HABOPE JAHHBIX IAPR TC-12

B nocneame ropl pa3padboTka Mojiesiei HCKYCCTBEHHOTO HHTEIDICKTA TS CyOTHTPOB K
M300pakeHNsIM ObLIa B IEHTPE BHUMAHUS B 00JIACTH KOMITBIOTEPHOTO 3PCHHS U 00pabOTKH
€CTECTBEHHOIO sI3bIKa. B craThe mpencTapneH TINATENbHBIA CPABHUTEIBHBIN aHAIN3 HECKOIb-
KHX COBPEMEHHBIX MOJIENIC MCKYCCTBEHHOTO MHTEIUICKTA JIJIs CYOTHTPOB C HMCIOJIb30BAHHUEM
pasHooOpa3Horo Habopa mokasateneii oneHku, Bkitouyas CIDEr-D, BLEU-4, METEOR,
ROUGE-L, SPICE u Wu-Palmer. HccrenoBanne cocpegoTo4eHO Ha OLIEHKE MOJENIEH CyOTHT-
POB K M300paXEeHUSAM C HCIIOJIb30BaHMeM Habopa maHHBIX [APR TC-12, xopomio 3apeko-
MEH/IOBABILIET0 Ce0sl ATAIIOHA JIJIsl OLIEHKH OHMMaHMUsI BU3yaJbHOTO KOHTeHTa. Vcronb3ys
HECKOJIbKO TOKa3aTeseil OlEHKH, YIajI0Ch MOIYyYUTh MHOIOCTOPOHHEE TIOHUMAHKE TIPOU3BO-
JIUTENBHOCTH MOJICJICH, OXBATHIBAIOIIEe KaK CHHTAKCHYECKHE, TaK U CEMAHTUUYCCKHE ACTICKTHI
TeHEepUPYEMBIX CyOTUTPOB. CpaBHUTEIHHBIN aHAIHU3 MTOKA3bIBACT, YTO Pa3HbIC IMOKA3aTECIU
OTPaXXaIOT pa3HBIC ACIEKTHI Ka4eCTBA CYOTUTPOB K M300paKCHUSIM, NPUYEM KaXKIbIA U3
HUX MPOJIMBACT CBET Ha KOHKPETHBIC aCIICKTHI 3(P(PEKTUBHOCTH MOIEIIH.

Crartesl mpejyiaraeT IeHHBIH pecype ISl MCCIeoBaTeed B 00JacTH KOMITBIOTCPHOTO
3peHust 1 00pabOTKH €CTECTBEHHOIO s3biKa. KOMITIEKCHAsT OlleHKa MOJIeNIeH CYOTUTPOB K
M300paKEHHUsIM C HCIIOJIb30BAaHMEM HECKOJBKHX IOKa3aTelel OLEeHKH M Habopa JaHHBIX
IAPR TC-12 oGecneunBaer Oomnee TIyOOKOe MOHMMAHHE TEKYIIUX BO3MOXXHOCTEH H
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OTpaHUYEHUH MOJXO0J0B HA OCHOBE MCKYCCTBEHHOT'O MHTEIUICKTA JJISl CO3/1aHMsI OITUCATEIhb-
HBIX CYOTHTPOB K M300pa)KCHUSIM. DTOT aHaJIM3 MPOKJIabIBACT MyTh ISl OYIyIIUX JOCTH-
JKEHUH B 3TOW OBICTPO pa3BUBAIOIIEHCS 00IaCTH.

Knrouesvie cnoea: NCKyCCTBEHHBIH MHTEIUICKT, CYOTUTPHI K M300paKeHUAM, 00pa-
00TKa €CTECTBEHHOTO 53bIKa, METPHKH OLIEHKH, KOMIIBIOTEPHOE 3pEHHE.
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