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Abstract

Language-guided object recognition in remote sensing imagery is crucial for large-
scale mapping and automated data annotation. However, existing open-vocabulary
and visual grounding methods rely on explicit category cues, limiting their ability
to handle complex or implicit queries that require advanced reasoning. To address
this issue, we introduce a new suite of tasks, including Instruction-Oriented Object
Counting, Detection, and Segmentation (InstructCDS), covering open-vocabulary,
open-ended, and open-subclass scenarios. We further present EarthInstruct, the
first InstructCDS benchmark for earth observation. It is constructed from two
diverse remote sensing datasets with varying spatial resolutions and annotation
rules across 20 categories, necessitating models to interpret dataset-specific in-
structions. Given the scarcity of semantically rich labeled data in remote sensing,
we propose InstructSAM, a training-free framework for instruction-driven object
recognition. InstructSAM leverages large vision-language models to interpret
user instructions and estimate object counts, employs SAM2 for mask proposal,
and formulates mask-label assignment as a binary integer programming prob-
lem. By integrating semantic similarity with counting constraints, InstructSAM
efficiently assigns categories to predicted masks without relying on confidence
thresholds. Experiments demonstrate that InstructSAM matches or surpasses spe-
cialized baselines across multiple tasks while maintaining near-constant inference
time regardless of object count, reducing output tokens by 89% and overall runtime
by over 32% compared to direct generation approaches. We believe the contribu-
tions of the proposed tasks, benchmark, and effective approach will advance future
research in developing versatile object recognition systems. The code is available
at https://VoyagerXvoyagerx.github.io/InstructSAM/.
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(a) Close-set (b) Open-vocabulary (c) Open-ended (d) Open-subclass

Figure 1: Comparison of four task settings in object detection and segmentation. The sample is
from DIOR Dataset [34] (a) Close-set: Standard annotation with categories de�ned in the DIOR
dataset. (b) Open-vocabulary: Instruction speci�es which categories to detect and segment (e.g.,
“soccer �eld”, “football �eld”, “parking lot”). (c) Open-ended: Instruction requires detection and
segmentation of all visible objects without category speci�cation. (d) Open-subclass: Instruction
targets all objects within a super-category (e.g., “sports �elds”).

1 Introduction

Object recognition in remote sensing imagery captures a vast array of objects and phenomena
across diverse environments, providing rich information for supporting achieving the Sustainable
Development Goals issued by the United Nations [59, 3], such as wildlife monitoring [82, 96],
poverty estimation [1, 50], and disaster response [18]. The recent advent of powerful vision-language
models (VLMs), such as CLIP [61], has ushered in a new era of remote sensing oriented open-
vocabulary object recognition algorithms (e.g. detection [38, 56] and segmentation [21]). However,
existing open-vocabulary approaches predominantly rely on explicit category cues, which restrict
their capability to handle complex or implicit queries that demand advanced reasoning and contextual
understanding. In other words, the rich diversity of visible objects in remote sensing images, due to
the bird's-eye view, predicates that any prede�ned, �xed list of categories is inevitably incomplete,
limiting its practicality for open-ended analysis in the real world.

To address this issue, we expand the instruction-oriented object detection task [60] and intro-
duce a novel suite of tasks—Instruction-Oriented Object Counting, Detection, and Segmentation
(InstructCDS) that encompasses open-vocabulary, open-ended, and open-subclass settings, as illus-
trated in Figure 1. The InstructCDS task entails a more �exible and scalable interpretation beyond
�xed category sets and comprehends the complex users' task requirements. We further presentEarth-
Instruct , the �rst benchmark for InstructCDS in earth observation. The benchmark is constructed
from two generic remote sensing object datasets covering 20 categories with different annotation
rules and spatial resolution. EarthInstruct guides models to comprehend complex user instructions
beyond the prede�ned three settings.

Recent advancements in VLMs have demonstrated impressive performance in object detection [45, 40,
60, 57], semantic segmentation [89, 11, 94], visual grounding [2, 7] and reasoning-based segmentation
[66, 29] within the natural image domain. However, transferring these methods to remote sensing
imagery presents several challenges.First , direct inference leads to signi�cant accuracy degradation
due to the domain gap between natural and aerial images [14]. Second, most existing remote sensing
open-vocabulary detection [38, 39, 90, 31] and segmentation [91, 88, 21] methods are trained on
datasets with only a limited number of categories, restricting their generalization to diverse unseen
categories.Third , conventional detectors [35, 10, 51] rely on a threshold to �lter predicted bounding
boxes, which is not obtainable in zero-shot scenarios.

To tackle these challenges, we decompose the instruction-oriented object detection and segmentation
tasks into several tractable steps and propose a framework without task-speci�c training,Instruct-
SAM. First, a large vision-language model (LVLM) is employed to interpret user instructions and
predictobject categoriesandcounts, with prompts systematically designed to maximize model's
capability. In parallel, SAM2 [63] is utilized to automatically generatemask proposals. Next,
a CLIP model pre-trained on remote sensing images computes thesemantic similarity between
the predicted objects categories and mask proposals. We then formulate the object detection and
segmentation as amask-label matchingproblem, assigning predicted categories to mask proposals
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by integrating semantic similarity and global counting constraints. By inherently integrating three
powerful foundation models, InstructSAM achieves superior performance across multiple tasks
compared to both generic and remote sensing-speci�c VLMs trained on large-scale object recognition
data. Notably, the inference time of InstructSAM remains nearly constant with respect to the number
of predicted objects, reducing output tokens by 89% and overall runtime by 32% compared to directly
generating bounding boxes using Qwen2.5-VL [2] in the open-ended setting. Our work paves the
way for scalable, instruction-driven remote sensing object detection and segmentation, eliminating
the need for costly pre-training or manual threshold tuning. Furthermore, the training-free paradigm
allows InstructSAM to recognize objects in natural images when equipped with generic CLIP models.

In summary, our contributions are as follows:

• We introduce the InstructCDS task, which challenges models to interpret user-provided natural
language instructions and infer the number and locations of relevant objects.

• We construct EarthInstruct to benchmark InstructCDS in earth observation, covering open-
vocabulary, open-ended, and open-subclass settings and counting, detection, and segmentation
tasks.

• We develop InstructSAM, a training-free and con�dence-free framework achieving near-constant
inference time for the InstructCDS task.

• Experiments on the benchmarks demonstrate that InstructSAM matches close-set models in object
counting and surpasses generic and remote sensing-speci�c models in open-vocabulary and open-
ended object recognition.

2 Related work

2.1 Instruction-oriented object detection and segmentation

Instruction-oriented methods Instruction-oriented object detection (IOD), �rst introduced in [60],
includes four instruction settings: category-speci�ed (open-vocabulary [80]) detection, detection
of all objects (open-ended [40]), detection within a super-category (we name it open-subclass),
and detection to achieve certain goals. Ins-DetCLIP [60] trains a detector to identify foreground
objects and passes their features to a large language model (LLM) to generate categories based on
user instructions. In addition to models speci�cally designed for the IOD task, Qwen2.5-VL [2],
trained on multi-task instruction data, also showcases the ability of dense object detection. However,
both approaches require extensive task-speci�c training data, and their inference times increase
substantially with the number of objects.

Open-vocabulary methods Large-vocabulary object detection and segmentation datasets [70, 17,
76] and visual grounding datasets [27, 23] enable various open-vocabulary learning approaches,
including knowledge distillation [16] and region-text pre-training [26, 52, 45, 35]. Self-training with
con�dence threshold-�ltered pseudo labels from image-text pairs (e.g., CC3M [5], WebLI2B [6])
further boosts the performance [51, 45, 93, 87]. However, the quality of pseudo labels is highly
sensitive to the chosen threshold [51], and these methods require prede�ned object categories, limiting
their �exibility in diverse scenarios.

Open-ended methods GenerateU [40] �rst formulates the open-ended object detection (OED)
problem. Concurrent works such as DetCLIPv3 [87], Florence-2 [83], and DINO-X [65] introduce
generative frameworks that jointly predict object categories and bounding boxes using language
models. However, constructing large-scale datasets with bounding box and caption pairs is resource-
intensive. VL-SAM [41] proposes a training-free approach via attention as prompts, but its iterative
mask re�nement and multi-prompt ensemble strategies are computationally expensive.

2.2 Instruction-oriented remote sensing object detection and segmentation

Recent advances in VLMs [61, 44] have also enabled open-vocabulary learning in the remote sensing
domain. Diverse semantic tags from OpenStreetMap [19] and those generated by LVLMs drive the
development of contrastive language-image pre-training in remote sensing images [95, 77]. Following
the generic open-vocabulary learning frameworks, methods for remote sensing open-vocabulary
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detection [38, 79, 56, 22] and segmentation [91, 88, 21, 32] methods emerge. However, their human-
annotated training data, being limited to a few dozen categories [34, 78, 73, 47], hinder generalization
to out-of-distribution or zero-shot scenarios. Although some remote sensing LVLMs could support
object recognition tasks like single-class object detection [28, 49, 25], visual grounding [54, 58],
referring expression segmentation [97, 55], grounded conversation generation [68], and scene graph
generation [49], they failed to follow complex reasoning instructions, such as open-vocabulary and
open-subclass object detection. To annotate vast-vocabulary training data for remote sensing object
detection, LAE-Label [56] employs a generic LVLM [8] to predict categories for cropped mask
proposals. However, this approach loses global context for accurate category classi�cation.

In contrast, our InstructSAM adopts a con�dence-free paradigm, requires no task-speci�c pre-training
or �netuning, and maintains near-constant inference time regardless of object counts.

(a) (b) (c) (d)

Figure 2: Annotation samples from NWPU-VHR-10 (a) and DIOR (b-d) illustrating rules that might
differ from common sense. (a) Ships and vehicles are unannotated in low-resolution images (NWPU-
VHR-10). (b) Expressway service areas separated by a road are treated as distinct instances (DIOR).
(c, d) Airports are annotated only when fully visible (DIOR).

3 EarthInstruct, a benchmark for InstructCDS in remote sensing

3.1 Instruction setup

To enable practical applications in remote sensing such as large-scale mapping [1] and image
annotation, we de�ne three distinct settings for InstructCDS:

1) Open-vocabulary: Counting, detection, and segmentation with user-speci�ed categories.

2) Open-ended: Counting, detection, and segmentation of all objects without specifying categories.

3) Open-subclass: Counting, detection, and segmentation of objects within a super-category.

We construct EarthInstruct using NWPU-VHR-10 [9] and DIOR [34] datasets, selected for their
widespread use and diverse sensors, resolutions, and annotation rules. Critically, these dataset-
speci�c annotation rules might deviate from common sense (e.g., excluding low-resolution vehicles)
or exhibit semantic ambiguities (e.g., “bridge” vs. “overpass”), re�ecting the original annotators'
speci�c goals (Figure 2). Consequently, simple instructions like “count vehicles” would fail to capture
the nuances required by dataset conventions or user intent. EarthInstruct therefore necessitates models
to interpret detailed instructions that clarify target de�nitions and handle dataset-speci�c rules (e.g.,
“do not count vehicles in images with a spatial resolution lower than 1m.”). To ensure fair evaluation
aligned with dataset conventions and user requirements, prompts are designed accordingly, but
image-speci�c prompts are prohibited to maintain scalability for large-area applications where prior
content knowledge for each image is unavailable.

3.2 Evaluation metrics

Multi-class object counting Standard counting metrics, such as Mean Absolute Error (MAE)
and Root Mean Squared Error (RMSE), used in benchmarks like FSC-147 [62] and RSOC [15],
inadequately capture nuanced multi-class evaluation. They cannot distinguish between over-counting
and under-counting errors. Additionally, being unnormalized, they allow categories with larger counts
to disproportionately skew the overall score when being averaged across classes.
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To address these issues, we adopt precision, recall, andF1-score, whereby offering normalized,
per-class insights. We de�ne per-image, per-class counting components as follows: letCgt denote the
ground truth count andCpred the predicted count for a class in an image. Then, True Positives (TP) =
min(Cgt ; Cpred ), False Positives (FP) =max(0; Cpred � Cgt ) for over-counting, and False Negatives
(FN) = max(0; Cgt � Cpred ) for under-counting. These de�nitions enable standard calculation of
precision, recall, andF1-score, aggregated across images per class and then averaged for a �nal score.

Rethinking metrics for con�dence-free detectors Evaluating generative models like Florence-
2 [83] or Qwen2.5-VL [2], which output detections without con�dence scores, poses a challenge
for standard metrics. Average Precision (AP) [12] relies on con�dence scores to rank predictions
and generate precision-recall curves. Without such ranking, standard AP is ill-de�ned. Furthermore,
practical applications often involve �ltering predictions with a �xed threshold, treating all remaining
detections equally [1, 51].

To resolve these issues and ensure fair comparison, we adopt con�dence-free metrics: meanF1-score
(mF1) and mean Average Precision with no con�dence (mAPnc) [36]. mF1 measures performance
at a single operating point, suitable for �xed-threshold deployment.mAPnc adapts AP by assigning
maximum con�dence to all predictions. For con�dence-free models, these metrics are computed
directly (Results in Table 10). For conventional detectors (e.g., [64, 4]) that provide scores, when the
con�dence threshold is swept from 0 to 1 (step 0.02), the threshold maximizingmF1 (using an IoU
threshold of 0.5) across categories is selected, and the corresponding cusp score is reported.

Evaluating open-ended and open-subclass settingsIn open-ended and open-subclass settings,
LVLMs may generate category names (e.g., “car”) that differ textually from ground truth labels (e.g.,
“vehicle”). To handle this synonymy during evaluation, we adopt semantic similarity matching by
following established protocols [40, 60]. Speci�cally, we encode generated categories and ground
truth categories using the GeoRSCLIP [95] text encoder with the template�a satellite image
of a {category}� . A generated category name is deemed equivalent to a ground truth category if
their embedding cosine similarity exceeds 0.95. This allows predicted objects associated with the
generated name to be accurately evaluated against the matched ground truth category.

4 InstructSAM

Addressing the challenges of instruction-following, domain gaps, and threshold sensitivity in remote
sensing object recognition, we propose a training-free framework named InstructSAM. It decomposes
InstructCDS into three synergistic steps: instruction-based object counting using an LVLM, class-
agnostic mask proposing via SAM2, and a novel counting-constrained mask-label matching procedure.
This approach avoids the costly model training and threshold tuning, offering ef�cient and robust
performance.

4.1 Instruction-oriented object counting with LVLM

As illustrated in Section 3, accurately interpreting user intent in remote sensing requires handling
dataset-speci�c rules and semantic ambiguities, which the simple category prompts could fail to
capture. We leverage state-of-the-art LVLMs (e.g., GPT-4o [24], Qwen2.5-VL [2]) for this task.
Inspired by [20], we utilize structured prompts in JSON format, which allows easy integration of
dataset-speci�cInstructions alongside the coreTask (detailed in Appendix C). Given an imageI
and a detailed promptP, the LVLM acts as a counter, outputting the target categoriesf catj g and their
corresponding countsf num j g present in the image:f catj ; num j gM

j =1 = LVLM-Counter(I; P ).

4.2 Class-agnostic mask proposing

Concurrent with counting, SAM2 [63] is employed to generate high-quality, class-agnostic object
masks for its strong generalization to remote sensing imagery [75, 81]. Using its automated mask
generation mode prompted by a regular point grid, we obtain a dense set of masks proposals
f maski gN

i =1 . To enhance recall for small objects, mask generation is also applied to image crops
(detailed in Appendix C.4).
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Figure 3: The InstructSAM framework. Given an input image and a structured counting prompt,
the LVLM Counter extracts target categoriesf catj g (semantic info) and their countsf num j g
(quantitative info). Concurrently, the Mask Proposer generates mask proposalsf maski g (visual info).
A CLIP model computes the similarity matrixS between mask embeddings (from scaled crops)f vi g
and category embeddingsf t j g. Finally, the Binary Integer Programming (BIP) Solver optimally
assigns categories to masks by maximizing summed similarity, subject to the counting constraints,
yielding the �nal recognition results.

4.3 Mask-label matching with counting constraints

A key innovation of InstructSAM is reframing object detection and segmentation as a constrained
mask-label matching problem, by integrating the outputs from previous steps. Rather than using
fragile con�dence thresholds [10, 51], we utilize global countsf num j g derived from the LVLM to
constrain the assignment of semantic labelsf catj g to visual mask proposalsf maski g.

GivenN mask proposals andM target categories with counts, we compute a semantic similarity ma-
trix S 2 RN � M , wheresij represents the cosine similarity between the CLIP [95] image embedding
of a patch cropped aroundmaski (scaled by 1.2 for context) and the text embedding ofcatj (using the
template�a satellite image of a {category}� ). We then seek a binary assignment matrix
X 2 f 0; 1gN � M , wherex ij = 1 assignsmaski to catj , by solving the Binary Integer Programming
(BIP) problem:

min
X

NX

i =1

MX

j =1

(1 � sij ) � x ij (1)

s.t.
MX

j =1

x ij � 1; 8i 2 f 1; : : : ; N g (2)

NX

i =1

x ij = num j ; 8j 2 f 1; : : : ; M g; if N �
MX

j =1

num j (3)

NX

i =1

MX

j =1

x ij = N; if N <
MX

j =1

num j (4)

where constraint(2) ensures each mask is assigned to at most one category. Constraint(3) enforces
that the number of assigned masks for each category matches the counts provided by the LVLM.
Constraint(4) handles cases where the number of proposals is less than the total target count, ensuring
all proposals are assigned.

As depicted in Figure 3, this BIP formulation elegantly fuses visual information, semantic information,
and quantitative information. The visual information comes from the CLIP embeddings of mask
proposalsf vi g, which contribute tosij . Semantic information is derived from the categories' sentence
embeddingsf t j g, also contributing tosij . Quantitative information from object countsf num j g
serves as constraints in(3). The problem is ef�ciently solvable using open-source BIP solvers
like PuLP [53]. The resulting non-zero entries inX de�ne the �nal set of recognized objects
f (maski ; catj )jx ij = 1g.
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Table 1: Zero-shot performance comparison on EarthInstruct under open-vocabulary setting.

Method NWPU-VHR-10 DIOR

Cnt F1 Box F1 Mask F1 IoU Cnt F1 Box F1 Mask F1 IoU

Grounding DINO [45] 14.9 14.0 - - 10.7 6.0 - -
OWLv2 [51] 39.4 27.2 - - 23.4 14.3 - -
Qwen2.5-VL [2] 68.0 36.4 - - 52.0 27.8 - -
GSNet [88] - - 1.3 6.4 - - 0.0 0.3
SegEarth-OV [32] - - 3.5 12.1 - - 1.2 6.7

InstructSAM-Qwen 73.2 38.9 23.7 12.1 59.3 24.7 24.0 18.5
InstructSAM-GPT4o 83.0 41.8 26.1 14.8 79.9 29.1 28.1 20.2

5 Experiments

5.1 Implementation

We implement InstructSAM using GPT-4o-2024-11-20 [24] (short for InstructSAM-GPT4o) or
Qwen2.5-VL-7B [2] (short for InstructSAM-Qwen) as the LVLM counter, SAM2-hiera-large [63]
for mask proposal, and GeoRSCLIP-ViT-L [95] for similarity computation. For the open-vocabulary
setting, we follow previous works [79, 21, 90] to split base and novel classes, and reportmF1, mean
Insert-over-Union (mIoU), ormAPnc. For open-subclass setting, we set two parent class “means of
transport” and “sports �elds”. We compare InstructSAM with a wide range of models, whose training
data and abilities are listed in Table 6.

5.2 Results on EarthInstruct

Open-vocabulary setting We report mean metrics across all classes for generic methods [45, 51, 2]
and remote sensing open-vocabulary segmentation models [88, 32] trained on broader vocabularies
in Table 1. Zero-shot performance on novel classes for models trained on base classes [90, 79, 21]
appears in Table 10. Models using novel class images or trained on entire detection datasets are
evaluated on two additional datasets (Table 11).

Table 1 shows InstructSAM (esp. with GPT-4o) leading in all tasks with top counting metrics.
On novel classes (Table 10), InstructSAM-Qwen achieves superior or competitivemAPnc against
specialized models. This underscores InstructSAM's training-free, counting-constrained matching
advantage over traditional or �ne-tuned approaches.

Table 2: Performance comparison on EarthInstruct under
open-ended setting.

Method NWPU-VHR-10 DIOR

Cnt F1 Box F1 Mask F1 Cnt F1 Box F1 Mask F1

Qwen2.5-VL [2] 48.6 32.0 - 36.6 21.7 -
GPT-4o [24] + OWL [51] 32.6 24.0 - 30.6 21.0 -
SkySenseGPT [49] 34.9 1.7 - 39.2 6.5 -
EarthDial [71] 30.0 5.6 - 47.6 22.8 -
LAE-Label [56] 46.2 27.3 24.1 23.3 11.5 10.4
GeoPixel [68] 40.8 29.9 29.1 21.4 13.8 14.7

InstructSAM-Qwen 55.2 29.6 28.5 33.2 14.3 14.4
InstructSAM-GPT4o 57.4 31.3 29.9 47.9 22.1 21.8

Open-ended setting Table 2 sum-
marizes the results under open-ended
setting. InstructSAM consistently
achieves equivalent or higherF1-
scores than remote sensing-speci�c
methods, including those trained on
grounded description tasks [49, 68].
Notably, InstructSAM surpasses LAE-
Label [56] by leveraging a global view
of the image to accurately predict ob-
ject categories. While the absence of
class-speci�c instructions in this set-
ting limits further gains, InstructSAM
still demonstrates robust performance (Figure 4).

Open-subclass setting Table 3 shows that InstructSAM outperforms or matches Qwen2.5-VL
across both parent classes. When prompted with categories identi�ed by GPT-4o, OWLv2 performs
strongly for “means of transport” but struggles with “sports �elds”, likely due to the prevalence
of transport-related categories in natural image datasets. These �ndings are consistent with the
open-vocabulary results, where generic detectors, such as Grounding DINO and OWL, struggle with
remote sensing categories except for airplane, vehicle, and ship.
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Table 3: Performance comparison on EarthInstruct under open-subclass setting. `S' denotes the
parent category “sports �eld”, and `T' denotes “means of transport”.

Method
NWPU-VHR-10 DIOR

Cnt F1 Box F1 Mask F1 Cnt F1 Box F1 Mask F1

S T S T S T S T S T S T

Qwen2.5-VL [2] 54.1 48.9 32.4 42.2 - - 52.2 51.8 34.0 39.2 - -
GPT-4o [24] + OWL [51] 40.3 68.0 19.8 65.9 - - 41.5 73.6 27.6 70.9 - -

InstructSAM-Qwen 50.9 55.3 33.5 41.9 33.0 39.7 40.4 67.4 22.2 49.3 22.649.5
InstructSAM-GPT4o 84.2 60.6 46.9 44.2 45.8 41.6 82.253.6 40.9 38.3 40.2 38.6

(a) Open-vocabulary setting

(b) Open-ended setting (c) Open-subclass setting

Figure 4: Qualitative comparison of object detection and segmentation methods on DIOR dataset.
InstructSAM consistently outperforms other methods in generating accurate bounding boxes and
segmentation masks across various settings. More qualitative results can be found in Appendix F.

Figure 5: Inference time as a function of bounding box count for InstructSAM-Qwen and baseline
methods. Solid lines indicate linear regressions, and scatter points represent individual samples.
The shaded regions for InstructSAM illustrate the time composition of different processing steps.
Experiments are conducted on an RTX 4090 GPU.
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