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MODELS & EVALUATION

INTRODUCTION
•

Duplicative image data reporting in the biomedical literature is more
prevalent [1] than previously realized and raises questions concerning
data integrity, quality, and reliability.
• Often image data duplication and/or manipulation are detected in an
ad hoc manner by fellow scientists or by editorial staff during a
manuscript review process.
• At the rate at which the scientific literature is expanding, it is not
feasible for all cases of image manipulation to be detected by peer
review. Thus, there is a continued need for more systematic and
automated tools to detect potential duplication.
We introduce BINDER - Bio-Image Near-Duplicate Examples
Repository, a novel dataset to help researchers develop, train, and test
models to detect same-source biomedical images. We further use the
dataset to demonstrate how novel adaptations of existing image retrieval
and metric learning models (deep neural networks) can be applied to
achieve high accuracy inference results, creating a baseline for future
work. In aggregate, we present a supervised protocol for near-duplicate
image identification and retrieval without any “real-world” training
example.

•

•
•
•

Three Siamese Neural Network based models were trained and tested for
Near-Duplicate Image Retrieval (ref Figure 2). On a high level, the
model outputs a global descriptor (an embedding) for each query and
potential duplicate image. And the duplication is confirmed if the
Euclidean distance between their embeddings is less than a threshold, t.
The three models [2, 3] are trained to reduce triplet loss with hard
negative mining, to bring duplicates closer and push non-duplicates
farther apart.
The models are pretrained on COCO and fine-tuned on BINDER. To
quantify the models’ ability to retrieve duplicate image pairs – area
under the ROC curve (AUC) is used.
The models are evaluated on 3 datasets – BINDER test set, RWE set,
and MFND IND set [4].

BINDER: Bio-Image Near-Duplicate Examples Repository
Limitations –
• Difficulty obtaining published images (flagged for duplication) at a
volume necessary to train high-capacity neural networks.
• Making the dataset open-access would require author/publisher’s
consent.
Our Solution –
• Synthetic manipulations (ref. Table. I) identified from a small realworld examples (RWE – 126 pairs) set were applied to a large
collection of biological (microscopy) images gathered from opensource public repositories‡ encompassing 17 classes/categories of cell
types/model organisms.
• The microscopy images were split class-wise into training, test, and
validation sets (17 categories split into 9, 4, and 4 classes
respectively).
BINDER contains 7,490 unique
image patches for model training,
1,821 same-size patch duplicates
for validation and testing, and
868 different-size image/patch
pairs for image-retrieval validation
and testing.

Fig. 2. (a) Synthetic image manipulation for duplicate pair generation. Random
manipulations (see Table I) are applied to generate duplicate images. (b) Pairwise
distance matrix as used during training. (c) Triplet margin loss minimizes the distance
between positive pairs and maximizes the distance between negative pairs during
training. (d) Model training diagram. (e) Model testing/deploying diagram.

RESULTS
VGG19 + GeM model
outperforms the other
models (see purple
lines on plots). In
addition, we observe
that fine-tuning on the
field specific dataset
(BINDER)
yields
improved results.

Fig. 1. Examples of duplicate pairs (9 categories - training). Row 1 - original
patches; Row 2 - their respective manipulations.

DISCUSSIONS
 Our primary contribution is towards creating an assessment platform
and benchmark dataset – BINDER - to identify and metrically assess
image duplications in biomedical literature.
 A tool like this can be extremely useful for our community in the
surveillance and maintenance of research data integrity, but it needs to
be used with caution.
 Instances of duplication within the literature could be genuine errors.
Each scenario of potential image duplication/manipulation requires
thoughtful discussion and review with authors and stakeholders
invested in the recording or reporting of associated research data.
‡ NYU Mouse Embryo Tracking Database (METD), Broad Bioimage Benchmark Collection (BBBC), Adiposoft
Image Dataset (AID), and Open Microscopy Image Data Resource (IDR).

Fig. 3. ROC curve for one run on each dataset, using hard negative mining. Log scaling
is used for MFND IND. Threshold is sampled in [0, 2].
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