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ABSTRACT

Evaluating deep neural networks (DNNs) as models of human perception has
given rich insights into both human visual processing and representational prop-
erties of DNNs. We extend this work by analyzing how well DNNs perform com-
pared to humans when constrained by peripheral vision – which limits human per-
formance on a variety of tasks, but also benefits the visual system significantly. We
evaluate this by (1) modifying the texture tiling model (TTM), a well tested model
of peripheral vision, to be more flexibly used with DNNs, (2) generating a large
dataset which we call COCO-Periph that contains images transformed to capture
the information available in human peripheral vision, and (3) comparing DNNs
to humans at peripheral object detection using a psychophysics experiment. Our
results show that common DNNs underperform at object detection compared to
humans when simulating peripheral vision with TTM. Training on COCO-Periph
begins to reduce the gap between human and DNN performance and leads to small
increases in corruption robustness, but DNNs still struggle to capture human-like
sensitivity to peripheral clutter. Our work brings us closer to accurately modeling
human vision, and paves the way for DNNs to mimic and sometimes benefit from
properties of human visual processing.

1 INTRODUCTION

Deep neural networks (DNNs) have shown great promise as models of human visual perception, en-
abling the prediction of both neural response patterns (Yamins et al., 2014; Rajalingham et al., 2015;
Yamins & DiCarlo, 2016; Kell & McDermott, 2019) and aspects of visual task performance (Yamins
et al., 2014; Geirhos et al., 2018; Mehrer et al., 2021). However, there are still critical differences
in how computer vision DNNs process information compared to humans (Rajalingham et al., 2015;
Geirhos et al., 2020; Wichmann & Geirhos, 2023). These differences are evident in psychophysical
experiments (Berardino et al., 2017; Feather et al., 2019; Hénaff et al., 2019; Harrington et al., 2022)
and adversarial examples (Szegedy et al., 2013; Elsayed et al., 2018; Ilyas et al., 2019). One differ-
ence between DNNs and humans that has gained recent interest is the existence of peripheral vision
in humans. Peripheral vision describes the process in which human vision represents the world with
decreasing fidelity at greater eccentricities, i.e. farther from the point of fixation. Over 99% of the
human visual field is represented by peripheral vision. While it is thought to be a mechanism for
dealing with capacity limits from the size of the optic nerve and visual cortex, peripheral vision has
also been shown to serve as a critical determinant of human performance for a wide range of visual
tasks (Whitney & Levi, 2011; Rosenholtz, 2016).

The benefits of modeling peripheral vision in DNNs are two-fold. For applications that require pre-
dicting or mimicking human performance on a visual task – like predicting if a driver will detect
a hazard – DNNs in computer vision must capture aspects of human peripheral vision that drive
task performance. For applications in representation learning, peripheral vision represents a bio-
logical strategy that presumably evolved to efficiently and robustly solve a variety of tasks in spite
of information loss due to significant constraints on the system. DNNs might benefit from these
representational strategies in areas such as robustness, where a link between adversarial robustness
and human visual representations has already been seen (Engstrom et al., 2019; Ilyas et al., 2019;
Harrington & Deza, 2022).

1



Published as a conference paper at ICLR 2024

Figure 1: The COCO-Periph Dataset contains MS-COCO images that have been transformed to
visualize the loss of information in human peripheral vision due to visual crowding (not just acuity
loss) at various eccentricities. This loss of visual information causes difficulties for computer vision
systems: models such as Faster-RCNN (shown here) perform poorly at tasks like object detection as
simulated eccentricity increases. In contrast, human performance is known to fail gracefully, raising
the question: how can we close this gap?

Accurately modeling peripheral vision in DNNs, however, is challenging. Current DNN approaches
are disjoint and a number of them require specialized architectures (Jonnalagadda et al., 2021; Min
et al., 2022), only model a loss of resolution (Pramod et al., 2022) – which is insufficient to predict
effects of peripheral vision like crowding (Balas et al., 2009), or rely on style transfer approaches
(Deza & Konkle, 2020) which are not as well tested as statistical models. In human vision science,
peripheral vision has been well-modeled with multi-scale pyramid-based image transformations that,
rather than predicting performance on a particular task, instead output images transformed to rep-
resent the information available in peripheral vision. Humans viewing these transformed images
perform visual tasks with an accuracy that well predicts human performance while fixating the orig-
inal images (Ehinger & Rosenholtz, 2016; Rosenholtz et al., 2012b; Freeman & Simoncelli, 2011).

In this work, we leverage one of these pyramid-based peripheral vision models, the Texture Tiling
Model (TTM) (Rosenholtz et al., 2012b), to simulate peripheral vision in a variety of DNN models.
We do so by modifying TTM to use a uniform rather than a foveated pooling operation (uniform-
TTM); this allows us to model a single point in the periphery without having to choose a fixation.
We use uniform TTM to render a popular object dataset, MS-COCO (Lin et al., 2014), to simulate
peripheral vision at the input level for DNNs – we call the transformed dataset COCO-Periph. To
understand the effect that peripheral vision-like inputs have on DNN performance, we perform a
human psychophysics experiment measuring object detection in the periphery, and then design a
machine psychophysics experiment to test DNNs on the same task. We compare detection results
between humans and DNNs and show a gap in performance between the two. This gap can be
reduced by training on COCO-Periph, but we still see noticeable differences in sensitivity to clutter.

The COCO-Periph dataset is one of the largest datasets for studying peripheral vision in DNNs, and
our analysis represents one of the broadest evaluations of peripheral vision in modern DNNs to date.
COCO-Periph itself is a significant contribution, representing over 6 months of compute time that
makes it computationally feasible to test TTM in DNNs and standardizes the evaluation of peripheral
vision in computer vision. We publicly release our COCO-Periph dataset, along with code for
uniform TTM and the psychophysics analyses at https://github.com/RosenholtzLab/COCOPeriph
to enable further research into human and machine perception in the periphery – paving the way for
DNNs to mimic and benefit from properties of human visual processing.

2 BACKGROUND AND RELATED WORK

2.1 PERIPHERAL VISION

Often misunderstood as a simple loss of acuity, peripheral vision in reality involves much more
complex processes. While the retina does display a progressive reduction of photoreceptor density
as a function of eccentricity, most of the information loss in peripheral vision occurs downstream
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in the visual cortex. The phenomenon of visual crowding exempli�es this where human peripheral
performance degrades in the face of clutter from the spacing of nearby objects and the features of
local image regions (Vater et al., 2022).

Peripheral vision has been successfully modeled as a loss of information in representation space
(Rosenholtz et al., 2012b; Freeman & Simoncelli, 2011), where models like TTM (Rosenholtz et al.,
2012b; Rosenholtz, 2020) perform a texture-processing-like computation of local summary statistics
within pooling regions that grow with eccentricity and tile the visual �eld. TTM relies on the Portilla
and Simoncelli statistic set (Portilla & Simoncelli, 2000), very similar to the Freeman and Simoncelli
model (Freeman & Simoncelli, 2011). Some more recent models evaluate different statistic and
show strong performance on metameric tasks (Deza et al., 2017; Wallis et al., 2019; Broderick et al.,
2023). Among these, TTM is one of the only to be validated against human performance on an
extensive number of behavioral tasks, including peripheral object recognition, visual search, and
a variety of scene perception tasks (Ehinger & Rosenholtz, 2016). Although TTM is powerful, the
computational requirements of synthesizing TTM transforms make it impractical to use online at the
large scale of DNNs. Synthesizing a single TTM transform image can take5+ hours. This has been
addressed in part by (Brown et al., 2021), which modi�ed the optimization process for transform
generation with gradient descent, allowing GPU-optimization, and (Deza et al., 2017) and (Wallis
et al., 2017) which incorporated style-transfer into the procedure. However, these models are not
as well validated on human performance as TTM, and most are still not fast enough to use during
DNN training. To facilitate large experiments, we create COCO-Periph – a large-scale dataset that
pre-computes these images with a more �exible �xation scheme.

2.2 HUMAN -INSPIREDDEEPNEURAL NETWORKS

Extensive work has been done in creating biologically-inspired object recognition models. A number
of these models have been shown to impart representational bene�ts such as robustness to occlusion
(Deza & Konkle, 2020), generalization across scale (Zhang et al., 2019; Han et al., 2020), and
adversarial robustness (Vuyyuru et al., 2020; Dapello et al., 2021; Guo et al., 2022). It has also been
suggested that adversarial training alone can improve human perceptual alignment (Dapello et al.,
2020; Feather et al., 2022; Ilyas et al., 2019; Harrington & Deza, 2022). Research in this domain
overall has greatly bene�ted from DNN benchmarks such as BrainScore (Schrimpf et al., 2020) that
compare models to humans using neural and behavioral data.

Despite clear bene�ts on recognition tasks, modeling human vision is less explored in more complex
tasks like object detection. One exception to this includes FoveaBox which takes inspiration from
foveation in human vision to simultaneously predict object position and boundaries without anchors
(Kong et al., 2020). Additionally, training on a stylized version of COCO (Michaelis et al., 2019)
(much like the stylized ImageNet work which reduced texture bias and increased shape bias in
recognition models (Geirhos et al., 2018)) was shown to increase corruption robustness in object
detection DNNs. Peripheral vision, however, is thought to use texture-like representations, and is
critically involved in tasks where context matters like detection. Testing peripheral vision in tasks
like detection is key to understanding the bene�ts and trade-offs of modeling human vision in DNNs.

3 UNIFORM TEXTURE TILING MODEL

To model critical aspects of peripheral vision without assuming a �xation point, we use a modi�ed
version of TTM that relies on uniform, rather than foveated pooling. In original TTM (Rosenholtz,
2020), pooling regions grow linearly with eccentricity, but for uniform TTM, we �x the pooling
region size to match the ring of pooling regions at a single eccentricity (see Appendix Sec. A.1). For
example, we set the pooling region size to correspond to15� eccentricity, as in Figure 2. With that
uniform pooling, we can create images that show the information available as if each pooling region
appeared at the same eccentricity. Though this represents an impossible situation, it provides two
practical advantages: (1) the ability to shift the modeled �xation by stitching together pre-computed
uniformly transformed images to create pseudo-foveated images (see Appendix Sec. A.2), and (2)
to evaluate both human and machine performance for an entire image at a single eccentricity.
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Figure 2:Original vs. Uniform Texture Tiling Model (TTM). An original image (a) can be pro-
cessed using the Original TTM (b) which is foveated, meaning that information is pooled in regions
that grow farther from an assumed �xation point (green dot). To create our dataset we adapt TTM
to use a �xed uniform pooling region size everywhere in the image, shown in (c) at15� eccentricity.
We can ef�ciently stitch together multiple uniform TTM images from our pre-computed dataset to
recreate the foveated effect (d).

4 COCO-PERIPH DATASET

We apply Uniform TTM to the COCO dataset, creating COCO-Periph which contains images trans-
formed like peripheral vision. COCO-Periph allows us to use the highly tested Texture Tiling as an
input pre-processing step to train and evaluate DNNs. In COCO-Periph, we rendered images that
capture the amount of information available to humans at(5� ; 10� ; 15� ; 20� ) in the periphery, as-
suming16pixels per degree. (For reference, the width of a full-screen image on a laptop at a typical
viewing distance subtends20� � 40� ). COCO-Periph contains the entire COCO 2017 validation
and test set, and over 74K, 117K, 118K, and 97K of the 118K total training images transformed to
model5� ; 10� ; 15� ; and20� of eccentricity, respectively.

Measuring object detection performance on COCO-Periph using the original COCO ground truth
labels, we see in Table 1 for a variety of pre-trained models that average precision (AP) degrades
with distance in the periphery. De-noising models, which have the highest baseline scores, perform
the best overall compared to the other architectures measured. Performance likely degrades because
COCO-Periph is potentially out of distribution for models, and at farther eccentricities, objects have
a greater potential to move due to the larger pooling regions used in uniform TTM. To understand
how the degradation in performance we see compares to human vision, we conduct a psychophysics
experiment in Section 5. In the psychophysics analysis, we address box localization issues (see Sec
6) and train a Faster-RCNN on COCO-Periph (See Table 1 bottom row and Sec. 7.1).

5 HUMAN PSYCHOPHYSICS: OBJECTDETECTION IN THE PERIPHERY

To compare DNN performance to humans in the periphery, we �rst collected human psychophysics
data on an object detection task. We choose a detection rather than a recognition task because
humans can guess object identity quite well based on context alone, i.e. even when the object itself
is occluded (Wijntjes & Rosenholtz, 2018). In our detection task, we present two images on every
trial, identical except for the presence or absence of a particular object, and ask a human subject to
judge which of the two images contained a target object. For the object present images, we choose
26 images from the COCO validation set that have one instance of an object. For the absent image,
we remove that object via in-painting (see Appendix Sec. A.3.1). We selected images with a variety
of small to medium sized objects in different scenes.

In each trial,10 eye-tracked subjects �xated at a speci�ed location either5� ; 10� ; 15� ; or 20� away
from the target object, and viewed an object present and absent image in random order. Subjects
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Model Arch AP 0� AP 5� AP 10� AP 15� AP 20�

DINO-FocalNet-Large (Zhang et al., 2022) 58.4 51.6 44.4 20.2 15.0
DINO-Swin-Tiny (Zhang et al., 2022) 51.3 44.0 34.1 11.1 7.6
Detr-R50 (Carion et al., 2020) 42.0 35.2 25.1 6.9 4.5
RetinaNet-R50 (Lin et al., 2017) 38.7 31.5 22.1 6.9 5.0
FoveaBox (Kong et al., 2020) 40.4 33.2 23.4 7.5 5.3
Faster-RCNN-X101 (Ren et al., 2015) 39.6 32.6 21.8 6.6 4.7
Faster-RCNN-R50 (Ren et al., 2015) 36.7 29.4 19.9 5.9 4.2

All � Train Faster-RCNN-R50 33.8 30.5 28.1 15.8 12.7
All � FT Faster-RCNN-R50 36.1 31.8 27.7 13.9 10.8

Table 1:Average Precision (AP) on COCO and COCO-Periph Validation Set. 0� refers to per-
formance on unchanged MS-COCO data. The other AP values correspond to different eccentricities
of uniform TTM transform images.

were asked to report which image contained the speci�ed object in a two-interval-forced-choice
paradigm (2IFC), viewing 10 present/absent image pairs at each eccentricity. As a control, we
also tested subjects on the same task but on uniform TTM transformed images. Details on these
experimental setups can be found in the Appendix Sec. A.3.2, A.3.3, and A.4.

We �nd overall that human object detection performance always degrades progressively with in-
creasing eccentricity (Figure 3, blue line). Detection ability is consistently strong at5� . However,
for some images observers reach near chance performance at20� eccentricity, whereas a few image
pairs have objects that are easily detected at all eccentricities. Often, high color contrast between
the object and its background and a lack of clutter from other nearby objects made target objects
more easily detected in the periphery, leading to better performance, which is consistent with the
crowding literature. See Appendix Sec. A.4.1 for per-image human accuracy.

6 MACHINE PSYCHOPHYSICS

Figure 3: Example Easy Object Detection. (a)Original image with target object bounding box,
and(b) TTM transform for15� (240pixels) with extended bounding box (used to perform machine
object detection task).(c) Human accuracy for peripheral viewing of example image averaged over
all subjects with error bars reporting SEM (blue), compared with accuracy on TTM image for a pre-
trained (pink) and trained on COCO-Periph (gray) Faster RCNN R50 model, and a DINO FocalNet
model (green). Psychometric curves are �t with an inverse cumulative normal distribution.

To compare human and DNN performance, we have DNN object detection models perform the
same two-alternative/interval forced choice task given to human subjects. We do this by �rst using
uniform TTM to generate10 different peripheral transform images for each of the object present
and absent images, at each of the4 tested eccentricities(5� ; 10� ; 15� ; 20� ). Because TTM is a
stochastic model that is under-constrained compared to image pixel values, each of the10 TTM
transform images differ from one another. This gives us100unique present/absent transform pairs
for each original image/eccentricity combination. For each pairing, we input a transformed image
to the object detection model with low detection threshold (0:01) to get proposed bounding boxes
and object scores. We then determine if the proposed box overlaps with a padded ground truth box
of the target object; we pad the ground truth box by half the width of a pooling region to account for

5


	Introduction
	Background and Related Work
	Peripheral Vision
	Human-Inspired Deep Neural Networks

	Uniform Texture Tiling Model
	COCO-Periph Dataset
	Human Psychophysics: Object Detection in the Periphery
	Machine Psychophysics
	Human vs Machine Performance at Peripheral Object Detection
	Training on COCO-Periph
	Effects of Object Size and Clutter

	Discussion
	Understanding Differences in Human and DNN Performance
	Effect of Peripheral Training
	COCO-Periph – a New Benchmark with Real-World Applications

	Ethics Statement
	Appendix
	Uniform TTM Methods
	Pseudo-Foveation
	Human Psychophysics Experiment
	Present / Absent Experiment Image Pairs
	Experimental Setup
	Experimental Paradigm

	Human Control Experiment: Measuring Human Performance on Uniform TTM Images
	Human Psychophysics Results

	Machine Psychophysics Experiment
	Control Experiments: Original TTM, Psuedo-foveated, and Correlation with Human Performance
	Fine-Tuning Object Detection Models
	Training Procedure
	Average Precision Over All, Small, & Large Bounding Boxes

	Robustness to Corruption in Fine-Tuned & Trained Faster R-CNN
	Maximum Probability as Prediction Reduces Performance


