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Abstract

Climate change is inducing significant range shifts in insects and other organ-
isms. Large-scale temporal data on populations and distributions are essential for
quantifying the effects of climate change on biodiversity and ecosystem services,
providing valuable insights for both conservation and pest management. With
images from camera traps, we aim to use Mahalanobis distance-based confidence
scores to automatically detect new moth species in a region. We intend to make
out-of-distribution detection interpretable by identifying morphological characteris-
tics of different species using Grad-CAM. We hope this algorithm will be a useful
tool for entomologists to study range shifts and inform climate change adaptation.

1 Introduction

Climate change results in increased temperature, more extreme weather events, and changes in
precipitation, affecting insect biodiversity [1] and causing insect range shifts in many regions [2].
Understanding how insect distribution and biodiversity change is crucial for habitat conservation and
pest management in a changing climate. With more than 160,000 species worldwide [3]], moths play
critical roles in different ecosystems as pollinators, prey, agricultural pests, and indicator species of
habitat disturbance. Due to climate change, some regions have observed a decline in moth population
that may threaten the local ecosystem [4], while others have observed distribution shifts or increased
populations of moths that lead to more challenges of pest management [J5].

Machine learning-based methods including object detection and image classification have been
applied for automated camera-assisted insect monitoring, providing valuable large-scale data for
quantifying moth abundance and biodiversity [6]]. To leverage the camera trap images, we propose
to use out-of-distribution detection to automatically detect new species[ﬂto study moth range shifts.
We propose to use Mahalanobis distance-based confidence scores [7] to differentiate in-distribution
(ID) and out-of-distribution (OOD) species and interpret the result with Grad-CAM [8]], which can
provide concept-specific visualization for fine-grained classification.

2 Related work

2.1 Insect monitoring

Automated insect monitoring with machine learning has emerged as a promising area. In agricul-
ture, computer vision has been used to automatically identify insect species with trap images to

'We use “new species” to refer to any species that has not been documented in a specific region. These can
be species that are new to science or well-known species that have only recently colonized the region.
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facilitate pest management [9} [10]. Meanwhile, an increasing number of studies have also started to
focus on monitoring insect biodiversity with machine learning [6} 11, [12]]. Bjerge et al. suggest a
non-lethal method to monitor moth biodiversity with camera trap images [13]. Jain et al. propose a
complete machine-learning pipeline from objection detection to fine-grained species-level classifi-
cation for automated moth monitoring [14]. Although benchmark datasets including iNat2017 [[15]]
and BIOSCAN-1M insect dataset [16] have spurred interest in both biodiversity and fine-grained
classification research, long-term data that cover a wide range of regions and species are still rare [2].
As aresult, current studies on insect range shifts [2,[17, [18]] still mainly rely on species distribution
models instead of directly monitoring their distribution with machine learning and computer vision.

2.2 OOD detection

Most prior works [[19H22]] on OOD detection focus on common benchmark datasets like CIFAR-
10[23]], SVHN[224], Texture[25]], and iSUN[26]], where images in different datasets are from unrelated
classes. A few works [27, 28] have considered OOD detection for fine-grained classification datasets
including CUB-200-2011[29] and Aircraft 300 [30]. A simple logit-based OOD detection has been
applied for coarse-grained insect recognition (a dataset of 9 species for training and 11 species for
testing) to detect samples that are “unsure” to the classifier [6]. However, to our knowledge, there is
no study on OOD detection that focuses on fine-grained classification of wildlife.

3 Proposed methodology
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Figure 1: Our proposed workflow (see and.

3.1 Dataset and pre-trained classifier

Since we do not have information on new species that might occur in a region, it is impractical to
include OOD samples during training. Hence, we will use post-hoc OOD detection methods which
use features extracted by pre-trained classifiers to differentiate ID and OOD samples. Pre-trained
classifiers were trained with GBIF, an open-source biodiversity dataset [31]. We use trained classifiers
for Quebec-Vermont, the UK-Denmark, and Panama (following methods detailed in [[14]). Classes
included in the training set were determined by regional species checklists provided by entomologists.
For OOD detection training and evaluation, we leverage images from both GBIF and camera traps,
using known moth species that are not in the target region to test our OOD detection algorithms.

3.2 OQOD detection and visual explanation

We use Mahalanobis distance-based confidence score (M-score) [[7]] for OOD detection since we can
obtain an in-distribution class c that is closest to the out-of-distribution image x. This allows us to
use class activation maps to highlight the regions corresponding to the selected class to make OOD
detection more interpretable and facilitate the validation of model prediction by entomologists.

Mahalanobis distance measures how many standard deviations a point P is away from the center of a
distribution D in high dimension [32]]. We first compute the layer-wise empirical class means fi. ¢

and covariance 3, for the training set {(x1, 1), - , (Xn, yn) }:
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where f;(x) denotes the feature extraced from the ¢-th layer of the pre-trained classifier f for input x
and n. denotes the number of samples in class c. We then compute the M-score from the /-th layer of
the pre-trained classifier as

MZ(X) = mf‘x - (ff(x) - ﬂc,f)T 2_1 (fg(X) - ﬂc,[) 5 (2)

where x is the input vector. The advantage of using the M-score over other OOD detection methods
is that it computes the closest class to a given sample, which allows us to interpret the result later. To
utilize both low-level and high-level features, we combine confidence scores from different layers of
the network and train a binary classification model using these scores as features.

After obtaining the closest class ¢, we use Grad-CAM [8] to visualize the result. Grad-CAM can
compute a class-discriminative localization map for any class c, making it suitable to be combined
with M-score to make OOD detection more interpretable. Grad-CAM can be further improved by
multiplying the localization map and guided backpropagation for class c to output concept-specific
visualization for fine-grained classification.

4 Preliminary results

The proposed OOD detection method was tested with a ResNet50 model trained with 2,530 species
in the UK and Denmark. All training and testing images are from GBIF [31]]. ID samples are from
the validation set of the pre-trained classifier and consist of 125,230 images.

4.1 OOD detection

For a preliminary test, we constructed the OOD samples by randomly choosing six moth families
and filtering out all species included in the training set of the pre-trained classifier, which resulted in
a total of 444 remaining species and 142,613 images. We calculated five M-scores for each image
based on features extracted from five layers of ResNet50 and trained a Random Forest classifier.
We trained the classifier with 80% of the ID samples and OOD samples from five families. Then,
we evaluated the model using the previously excluded family and the rest 20% of the ID samples.
We evaluated the model’s performance with the Area Under the Receiver Operating Characteristic
(AUROC), the Area Under the Precision-Recall Curve (AUPR), and the False Positive Rate when the
true positive rate is at 95% (FPR95), as they are commonly used in OOD detection literature.

Table 1: OOD detection performance comparison using test sets with different OOD families

Family Adelidae  Apatelodidae Crambidae Erebidae Oecophoridae Sphingidae

AUROC 9294 94.09 92.60 92.43 92.60 91.34
AUPR 18.40 53.07 95.44 96.98 58.72 88.30
FPRO95 25.92 23.47 32.16 31.99 32.68 34.15

4.2 Visualization

We show the result of the visualization method with an OOD species Nemophora bellella in Fig. 2]
We use ¢; to denote the closest class to the input image based on features extracted from layer 7 of the
ResNet50 model. Based on the features extracted from layer 2 and layer 3 of our pre-trained classifier,
Paraswammerdamia albicapitella and Stigmella centifoliella are considered the closest class co and
cs to this species by our OOD detection algorithm. For layer 2, Grad-CAM and Guided Grad-CAM
highlighted the white stripe, and P. albicapitella also has a white part, although it is not on the wing.
For layer 3, Grad-CAM and Guided Grad-CAM highlighted more high-level features including its
head, thorax, and the white stripe, and S. centifoliella also has a yellow head and a white stripe.



(a) Input image (b) Grad-CAM (¢) Guided Grad-CAM (d) The closest species ¢,
Layer 2 Layer 2 in the training set

(e) Input image (f) Grad-CAM (g) Guided Grad-CAM (h) The closest species c;
Layer 3 Layer 3 in the training set

Figure 2: (a,e) The input image that contains an OOD species N. bellella. (b,c) Grad-CAM and Guided Grad-
CAM visualization highlighting support for the closest class c2 based on features from layer 2 of ResNet50. (d)
An image of P. albicapitella. (f,g) Grad-CAM and Guided Grad-CAM visualization highlighting support for the
closest class c3 based on features from layer 3 of ResNet50. (h) An image of S. centifoliella. In (b, f), regions
with colder colors (i.e. blue) correspond to a higher score for the given class.

5 Future work and pathway to impact

We will further test our method on the camera trap images to see if the OOD detection method can
generalize well to images from different sources. We will also investigate the features extracted by
the pre-trained classifier to understand why the performance of the method is different when tested on
different families. Continued collaboration with entomologists is key for this research to be impactful.
Entomologists can decide the ideal location for camera traps for us to obtain high-quality training
and validation images. We also need to rely on their domain expertise to validate the results when the
method is deployed in real life for new species detection — the goal is not to replace experts but to
help them filter data, and the visual explanation generated by Grad-CAM and Guided Grad-CAM can
facilitate the validation process. We expect our research to provide long-term large-scale data for
entomologists to better study insect range shifts and accordingly inform climate adaptation measures.
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